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Abstract
This thesis consists of three essays on the topic of early determinants of human
capital and health.
Chapter 2 explores the average effect of selective schooling, assigning pupils
to different secondary schools by ability, on adult health, well-being and labour
market outcomes, adding timely evidence to the debate on the reintroduction
of selective schools in England. Selection bias is addressed by balancing pre-
treatment characteristics, followed by OLS and IV regressions. Findings show
that selective schooling does not affect most measures of long-term health and
well-being. However, it affects educational aspirations and it raises adult wages
for both high- and low-ability pupils, compared to a mixed-ability system.
Chapter 3 analyses the effect of selective schooling on long-term human capi-
tal for the marginal admitted pupil, comparing attendance to an academic school
to its vocational alternative. Identification relies on a fuzzy regression discon-
tinuity design, using proxies of entry test scores for selective secondary schools
in England. Discontinuities in school assignment are estimated directly from
the data. For the marginal admitted student, selective school attendance posi-
tively affects educational attainment, but this effect is conditional on having a
favourable background. Other adult labour market and health outcomes are not
affected.
Chapter 4 investigates the effect of birth order of children in the family on
risky behaviours and non-cognitive skills in adolescence. The paper uses a mother
fixed-effect strategy to account for the endogeneity of fertility decisions and data
from a UK household panel. Having older siblings is linked to a higher probability
of engaging in early drinking, drug use and skipping school, and to lower non-
cognitive skills. The link is stronger for boys and higher socio-economic status
families. Differences in parental investments and the influence of older siblings
explain part of the observed birth order effects.
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Chapter 1
Introduction
This thesis comprises three papers on early determinants of human capital, with
a special focus on health and well-being. Human capital is a notion that finds
its popularity in economics starting from the seminal works by Mincer (1958)
and Becker (1962). Economics used to be the science of monetary wealth and
growth but, since the 1960s, a large branch of economic research has turned to
education, skills and health as measurable objectives of what is taken to be a
good life. These dimensions constitute human capital, which these first works
modelled as a stock individuals can augment or deplete with their investment
decisions. The determinants of such decisions, and the environmental constraints
they are made in, have raised and continue to raise considerable interest, since
simple observation of the world around us highlights differences in human capital
and quality of life that may be preventable. Given that equality of opportunity is
an intrinsic aim of many societies around the world, research on the determinants
of human capital has become paramount, as it gives governments the evidence
and tools to provide a more equal starting ground for all individuals to flourish.
Recognising the importance of early life environment to understand individual
decisions and related constraints, this thesis focuses on schooling and on the
family as two determinants of human capital accumulation. Educational policy
may be one of the most effective tools to improve the quality of individuals’
opportunities, regardless of their background. A central issue in the provision
of public education is whether and how to tailor the curriculum around pupils’
ability. Thus, Chapters 2 and 3 explore the long-term human capital consequences
of a school system that operates selection on the basis of ability in England.
Selective schools have been on and off the UK policy agenda for decades since
the 1940s. Yet, this work comes at a particularly policy-relevant time, since the
UK government spent £50 million on a new fund for selective schools expansion
in 2018, announcing the following £50 million round for 2019 as part of a bigger
project worth £200 million in total (UK Department for Education, 2019a).
1
On the other hand, family background is often seen as a panacea for differ-
ences in lifetime health and human capital. However, disentangling the actual
causal paths in this black box of family background effects can be challenging,
as there are multiple aspects to consider, including but not limited to parents’
education and socio-economic status, parenting styles and investments, genetics,
health, sudden shocks, and other cultural and intangible factors. Chapter 4 ex-
plores the role of birth order of children in the family to explain adolescent risky
behaviours and non-cognitive skills. It additionally investigates whether birth
order effects can be linked to parental investments and interactions among sib-
lings. Assessing the role of specific educational policies and family circumstances
as early determinants of health and well-being can, on the one hand, help na-
tional preventive strategies, urgently needed by healthcare and welfare systems
pressured by ever-increasing costs. On the other, it can contribute to explaining
persisting income inequalities, given that good health and general well-being are
requirements for a successful and productive work life. The following paragraphs
outline the motivation and contribution of each chapter.
Chapter 2 examines the long-term human capital consequences of the 1960s
transition from a selective to a mixed-ability system of secondary schooling in
England and Wales. The aim is to observe the average effect of this change and
understand its impact on human capital, in light of the current government pol-
icy, which is increasing the number of publicly funded selective school places. The
rationale for using an older dataset to answer a new policy question comes from
the unique opportunity to observe long-term consequences of a given measure. In
this particular context, a second motivation is that selective schooling was still
largely present at the time, giving a reasonable sample size of pupils affected by
selection, before mixed-ability schools became the norm (Bolton, 2017). The lit-
erature on the effect of selective schools follows two main strands. Some studies
compare outcomes for selective versus non-selective systems (Basu et al., 2018;
Burgess et al., 2017, 2019; Galindo-Rueda and Vignoles, 2005; Jones et al., 2012),
while others compare outcomes for individuals who pass selection, versus individ-
uals who do not, within the same selective system (Abdulkadiroglu et al., 2014;
Burgess et al., 2017; Clark, 2010; Del Bono and Clark, 2016). Chapter 2 falls
under the former category, comparing average outcomes under a system where
pupils are assigned to selective ‘grammar’ schools upon passing an ability test, or
to vocational ‘secondary modern’ schools otherwise, to those in a non-selective
system, where all pupils go to mixed-ability ‘comprehensive’ schools.
The study uses data from the National Child Development Study, an ongoing
longitudinal study following a cohort of individuals up to age 60. This chapter
contributes to the field by using a broad range of human capital outcomes. These
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add new dimensions to existing knowledge, but at the same time aim to explain
results from previous literature, mostly concerned with educational and labour
market outcomes. The chapter analyses school and work aspirations at the end
of compulsory schooling age, which can work as channels for later educational
achievement and earnings. It looks at earnings and employment, but also at
non-monetary measures of adult well-being, such as adult life and job satisfac-
tion, self-efficacy and crime participation. Finally, it evaluates long-term effects
of school type on adult self-assessed health and biomarkers for risk of cardiovas-
cular disease up to age 55, based on the idea that more and better schooling
improves an individual’s health production function (Grossman, 1972). A move
to a more selective system today is expected to increase average peer ability and
school quality for the additional pupils admitted to grammar, while these would
decrease for lower-ability pupils who do not pass selection. To account for this
key difference, the second contribution of Chapter 2 is to estimate two separate
average effects of selective schooling, splitting the sample of pupils along the cog-
nitive ability dimension. Thus, grammar pupils are compared to comprehensive
pupils who, given their ability scores, would have gone to grammar, had they
experienced the selective system. Similarly, secondary modern pupils are com-
pared to comprehensive pupils who are closest to them in terms of ability. In
practice, similarity is achieved through entropy balancing (Hainmueller, 2012),
matching individuals on their pre-treatment characteristics. The strategy relies
on the validity of the conditional independence assumption, the implications of
which are discussed, also in light of previous criticisms to the reference literature
(Manning and Pischke, 2006). Results highlight that grammar schools positively
affect academic aspirations and employment prospects for their pupils, but they
also lower adult life satisfaction, compared to their mixed-ability counterparts.
Secondary modern pupils, of lower cognitive ability, display higher average adult
wages and, in some specifications, higher self-efficacy than their comprehensive
counterparts. However, regardless of the cognitive ability level, attendance to se-
lective schooling is not significantly linked to other measures of health and human
capital later in life.
Chapter 3 explores the effect of attending a grammar school in the 1970s, com-
pared to not being admitted, on long-term human capital outcomes, within the
selective system. Like the second category of studies mentioned above, this chap-
ter focuses on the marginal additional student admitted, estimating the average
effect of going to grammar school for a restricted group of individuals who score
near the pass mark, with secondary modern as the alternative. Focusing on this
group has two advantages. First, these individualswould have been the ones most
likely to be affected by an expansion in available grammar places. Second, since
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individuals in this region have similar cognitive ability, it allows estimation of the
effect of schooling while keeping ability constant. Accounting for the results of
Chapter 2, this can help further reduce differences in outcomes due to background
ability, and isolate the effect of grammar, compared to secondary modern. Again,
the data are from NCDS and outcomes span the education, labour market and
long-term health spheres, adding to existing knowledge on the effect of selective
schools for the marginal student, using for the first time a sample of pupils from
several regions in England to answer this specific question.
Identification of the local average treatment effect for individuals who score
near the pass mark is achieved via a fuzzy regression discontinuity design, as-
suming that the probability of attending grammar varies discontinuously at the
pass mark, and that all other individual characteristics related to the outcomes
are smooth functions of the ability score. An innovative element of the study
design, compared to previous literature, is that information on the pass mark,
set at local education authority level, is inferred from the data, by looking for
structural breaks in the probability of grammar school attendance as a function of
the ability score (Bai, 1997; Porter and Yu, 2015). Originating from the financial
time-series literature, this method to locate discontinuities has been used in the
labour economics literature only a handful of times. By applying this method to a
context where limited data has always represented an issue for identification of a
causal effect, Chapter 3 can be an example of how to proceed in policy evaluations
in situations where, in spite of the limited data, it is known that a discontinuity
in treatment assignment exists. Several robustness checks are provided to ensure
that the discontinuity is not spurious. Results show that in a selective system, at-
tendance to the higher quality school only matters for educational achievement,
although this is conditional on having a favourable family background. These
findings are discussed in light of other literature, recognising that any significant
effects of type of school could be concentrated either at the top or at the bottom
of the ability distribution. However, an expansion in grammar school places at
the time would have led to higher educational attainment for advantaged groups,
and no other advantage in terms of human capital for the additional admitted
pupils.
Chapter 4 shifts the focus to family background, analysing the effect of chil-
dren’s order of birth in the family on the probability of engaging in risky be-
haviours and on non-cognitive skills in adolescence. Several theories from psy-
chology postulate the role of birth order as a determinant of individual behaviour,
with personality taking shape as the child reacts to the surrounding environment
(Adler, 1928; Rohrer et al., 2015; Sulloway, 2001). Additionally, birth order is an
attractive feature to explore, as research on human development looks increas-
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ingly earlier for the roots of human capital, highlighting the importance of the
time around birth and even earlier in utero for long-term individual outcomes
(Akresh et al., 2014; Almond and Currie, 2011; Persson and Rossin-Slater, 2018;
Schwandt, 2018; Von Hinke Kessler Scholder et al., 2014). In the economic litera-
ture, most papers on birth order have focused on the link with childhood cognitive
skills and educational achievement, while a few studies have analysed long-term
consequences for adult health, occupation and personality traits (Black et al.,
2016; Black et al., 2018; Lehmann et al., 2018). Adolescence remains largely
unexplored, although it is universally recognised as a crucial time for skill and
healthy habit formation, as well as the first time individuals make decisions by
themselves, instead of relying entirely on their parents. As a secondary aim,
the chapter then explores parental behaviour and imitation patterns among sib-
lings as explanations for behavioural differences by birth order. Unpacking the
relationship between birth order and adolescent behaviour can thus be a start-
ing point to devise strategies aimed at healthier decisions at a key time for the
individual’s physical and mental development.
The main challenge in the literature on birth order effects consists of separat-
ing the effect of birth order from that of other family characteristics, including
family size. Chapter 4 uses data from a panel of UK households exploiting in-
formation on several siblings to net out the portion of the variation in behaviour
due to specific family traits, and isolate, to the extent that it is possible, the
effect of birth order. The evidence presented points towards a higher probability
of engaging in risky behaviours and to lower non-cognitive skills in adolescence
for children with older siblings. Some heterogeneity is found, indicating larger
birth order effects for boys compared to girls, and for families of higher socio-
economic status. It is further shown that parental interest in school and support
with homework decline with birth order. These variables explain a significant
portion of the decrease in non-cognitive skills and in some of the risky behaviours
considered. Sibling interactions are also shown to be important to understand
birth order effects.
Finally, Chapter 5 concludes by discussing the contribution of this work in
light of its results, including the significance of the findings for policy, and by
touching on open questions and future avenues for research.
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ferent schools by ability, on aspirations, well-being, labour market outcomes and
adult health. In the 1960s, England and Wales experienced a transition from a
selective to a non-selective secondary schooling system. We distinguish between
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by balancing individual pre-treatment characteristics via entropy balancing, fol-
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2.1 Introduction
Tracking students by ability into different schools at a young age is a controver-
sial policy. On the one hand, it can be seen as a way to improve learning and
teaching efficiency, by catering for different abilities separately. The practice is
also argued to reduce socio-economic inequalities, since selection into prestigious
institutions is based on academic talent, regardless of family circumstances in
principle. On the other hand, such systems have been shown to favour children
from affluent backgrounds, who are generally more supported by their families
and more prepared to take entry tests (Burgess et al., 2018; Cribb et al., 2013).
If less advantaged students are more likely to be excluded from the upper tracks,
then selective schooling could have detrimental effects on the pre-existing inequal-
ity gap, going against the equality of opportunity principle advocated by many
modern societies (Oakes, 2005; OECD, 2016)1.
Several countries incorporate selection by ability in their secondary school-
ing systems, including Australia, England, France, Germany, the Netherlands,
Switzerland and the United States. Research on the effects of tracking on educa-
tional and labour market outcomes is abundant. Attending an upper track school
is generally linked to better educational outcomes, but the presence of tracking
is also associated with higher inequality in education and earnings, often leading
to low social mobility (Brunello and Checchi, 2007; Burgess et al., 2017, 2019;
Hanushek and Wo¨ßmann, 2006). Other non-monetary benefits of education, such
as health and well-being, have received less attention in this literature. In this
paper, we assess the human capital effects of selective versus non-selective school-
ing, by looking at long-term health, well-being and labour market outcomes for
a British cohort.
Our paper is timely in providing evidence on the long-term consequences of
selective schooling, given its recent expansion in England. In 2018, the UK gov-
ernment allocated a first £50 million investment towards new selective school
places, and a second round is under way in 2019, at the time of writing (UK
Department for Education, 2019b). In order to learn about the long-term con-
sequences of selective schooling, we exploit the comprehensive schooling reform
implemented in England and Wales in the 1960s, which caused some areas to
transition from a selective to a non-selective system of secondary education ear-
lier than others. The empirical analysis relies on data from the National Child
Development Study (NCDS), a British cohort study of individuals born in March
1958, allowing us to follow their lives to date. Depending on the area they lived in
1A different policy, not covered here, is tracking student into different classes, within the
same school (see Burgess, 2016).
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at the time, NCDS children were exposed to either a selective or a non-selective
system. In selective areas, an entry test determined whether a pupil was offered a
place in a selective grammar school, representing the more academic track, or in a
vocational secondary modern school, the main alternative for low-scoring pupils.
In the non-selective system, schools were converted into or created as comprehen-
sive, institutions receiving pupils of all abilities. Attendance at different school
types exposed pupils to different curricula, teacher quality and peer ability, thus
offering an opportunity to explore the long-term human capital effects of variation
in school quality.
The transition to comprehensive schooling presumably affected pupils differ-
ently, depending on their cognitive ability. Tracking affects the quality of the
school but also the average peer ability each pupil is exposed to. Thus, for high-
ability pupils, the transition to the non-selective system lowered school quality
and average peer ability, while for low-ability pupils these increased. Our em-
pirical approach attempts to mirror the differential effects of the transition by
estimating two treatment effects. On the one hand, we explore long-term effects
of attending grammar, compared to comprehensive, for pupils of high cognitive
ability. On the other, we investigate the effect of attending secondary modern,
compared to comprehensive, for pupils of lower ability. The other advantage of
separating treatment effects is that we make treatment and control groups more
comparable. To this end, we additionally implement entropy balancing to close
the gap in pre-treatment characteristics, thus increasing confidence that we are
addressing the issue of endogeneity of school quality. The balancing exercise is
followed by parametric regressions for a rich set of outcomes. Throughout the pa-
per, we refer to our estimates as ‘treatment effects’, since our aim is to construct
a quasi-experimental setting to evaluate selective schooling. However, recognising
that we cannot definitively rule out bias due to unobservables, we clearly state
the relevant assumptions and discuss the implications of their failure, the main
consequence being that our estimates would yield a correlation of type of school
with the outcomes, rather than a causal effect.
We build on the literature exploring health impacts of the comprehensive re-
form in the 1960s (Basu et al., 2018; Jones et al., 2011, 2012). However, our study
is the first to consider two separate treatment effects by splitting the sample by
cognitive ability, in order to assess the link of selective schooling to biometric
markers for cardiovascular disease and stress, as well as to several dimensions
of well-being and human capital in adulthood. We find that type of secondary
school attended does not affect most of our adult health and well-being outcomes,
with some exceptions. Attitude towards school is positively linked to grammar
school attendance and negatively to secondary modern attendance, compared to
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comprehensive school attendance and for similar ability levels. This could be
a channel for educational outcomes, found to be significantly linked to type of
school by Burgess et al. (2017) and Guyon et al. (2012). The second exception
are labour market outcomes, which are better for grammar pupils, confirming
previous studies on earnings (Burgess et al., 2019; Del Bono and Clark, 2016).
Somewhat surprisingly, we find marginally better wages also for pupils in sec-
ondary modern compared to equivalent comprehensive pupils, and offer some
hypotheses as to why this may be the case. We additionally note lower adult
life satisfaction for grammar pupils and higher self-efficacy for secondary modern
pupils, compared to their mixed-ability counterparts. Our findings are based on
historical data and concern the consequences of the grammar school system for
today’s generation of 60-year-olds. Assessing the extent to which they may apply
to the reintroduction of selective schools today would require a consideration of
how the education and labour market systems have evolved over time, but this
is outside of the scope of this work.
The paper develops as follows. Section 2.2 reviews the history of selective
schooling in England and Wales and the existing relevant literature. Section 2.3
describes the data and Section 2.4 outlines our two-step approach to estimate the
relationships of interest, combining entropy balancing with parametric regres-
sions. Section 2.5 presents the main results, along with appropriate robustness
checks. Section 2.6 discusses these findings and Section 2.7 concludes.
2.2 Background
2.2.1 Selection by ability in England and Wales
The origins of tracking in the British school system go back to the 1944 Edu-
cation Act, which established the reorganisation of state secondary schools by
local education authorities (LEAs) in a tripartite system, comprising grammar,
secondary modern and technical schools. Pupils could access grammar schools,
of highest academic quality, conditional on their performance in the 11-plus test,
taken in the last year of primary school, around age 11. The 11-plus was set
at LEA level, so difficulty and entry score varied across the country. Grammar
schools admitted on average pupils scoring in the top 25% of the cognitive ability
distribution in their local area (Bolton, 2017). Entry tests consisted of different
modules, including mathematics, English and verbal and non-verbal reasoning.
Panels of teachers and LEA representatives allocated grammar places according
to test scores, capacity constraints, proximity and other considerations. Although
parents had the opportunity to appeal if they disagreed with the outcome, for the
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Figure 2.1: Number of pupils by school type over time. Source: Bolton (2012). Technical
schools included in ‘Other’.
great majority of pupils not passing the exam meant they would attend secondary
modern schools, less academically demanding, geared towards trades. The third
type, technical schools, were for vocational training, did not require an exam and
were not prevalent.
Given the growing dissatisfaction with the allocation system in state schools,
with Circular 10/65 in 1965, the Labour government started promoting a phase-
out of the selective schooling system (Kerckhoff, 1996). While lacking compelling
power, the Circular strongly encouraged LEAs to present plans to create com-
prehensive schools that catered for all abilities, or to convert existing grammar
to comprehensive. Because of the non-compulsory nature of the Circular, the
phase-out was gradual (see Figure 2.1) and generally slower in areas with a Con-
servative political majority. In 1998, with the School Standards and Framework
Act, the Labour government outlawed establishment of any new schools that se-
lected pupils by ability. At the time of writing, 163 grammar schools exist in Eng-
land, attended by approximately 167,000 pupils, while Welsh schools are wholly
comprehensive (Bolton, 2017). The first round of the Selective Schools Expan-
sion Fund, launched in 2018, funded expansion projects in 16 existing grammar
schools (UK Department for Education, 2019b), thus begging the question of the
impact of a return to a more selective education system for present and future
generations of pupils.
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2.2.2 Related literature
The 1960s comprehensive reform in England and Wales offers an opportunity
to evaluate long-term effects of the transition from a selective to a non-selective
secondary schooling system. Yet, the lack of a clear roll-out of the reform has
made it difficult to isolate the effect of school type on individual outcomes from
other confounding factors. Since type of school and adult outcomes could both be
influenced by characteristics that are unobservable or difficult to measure, such
as individual ability or parental investments, the standard problem of endogene-
ity in estimating returns to education also applies to this context (Angrist and
Krueger, 1991). The literature has dealt with this issue in different ways, mainly
to estimate effects on earnings and educational achievement. Using NCDS data,
Galindo-Rueda and Vignoles (2005) estimate the effect of comprehensive atten-
dance on test scores at age 16, by controlling for prior test scores, in a so-called
value-added approach (Todd and Wolpin, 2003). In a second instrumental vari-
able (IV) specification, they instrument comprehensive school attendance with
political control in the individual’s electoral constituency and share of compre-
hensive schools in the individual’s LEA. Their results suggest that the compre-
hensive reform reduced educational achievement for more able children only. The
validity of this type of analysis was put under scrutiny by Manning and Pischke
(2006), who criticise value-added approaches, comparing outcomes for pupils in
selective and comprehensive areas (also found in Harmon and Walker (2000),
Jesson (2000), and Kerckhoff (1986), among others). They argue that adding
pre-secondary school outcomes as controls is not sufficient to remove endogene-
ity, since the two groups are too fundamentally different. This is demonstrated
by showing that a spurious treatment effect is found when running a placebo
regression of pre-secondary school test scores on an indicator for comprehensive
school attendance. The IV strategy proposed by Galindo-Rueda and Vignoles
(2005) does not solve this problem either. This is taken as evidence against their
results, a conclusion later endorsed by Bonhomme and Sauder (2011), who find
that, when using a difference-in-differences approach to correct for unobservables,
the effect of selective schooling on test scores in the NCDS cohort disappears.
A number of studies have used alternative methods that are more robust
to the criticisms advanced above. Maurin and McNally (2009) use two cohorts
of individuals born twelve years apart to compare the effects of selective and
non-selective systems of education in England. They find that, while attending
grammar school is linked to better individual outcomes, the 1960s transition to
non-selective schooling led to an increase in average educational outcomes, with
larger benefits observed for lower socio-economic status individuals. In a different
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study, Burgess et al. (2017) analyse the effects of selection both within selective
areas and across areas with different levels of selectivity, using administrative
data from the National Pupil Database. Within selective areas, grammar at-
tendance increases pupils’ chances of accessing and completing higher education.
Secondly, by matching selective and non-selective areas to ensure similarity in
area characteristics, they find that high ability children who do not get into top-
tier schools do worse in selective areas. Moreover, since they show that access
to grammar is strongly linked to higher socio-economic family background, they
conclude that the grammar school system does not promote social mobility. With
similar matching methods at the area level, Burgess et al. (2019) then investi-
gate the impact of selective schooling on the earnings distribution, finding that
inequality in average hourly wage is significantly higher in selective areas.
Another stream of the literature has used regression discontinuity methods,
estimating the effect of the upper academic track, based on pupils scoring close
to the entry cut-off. Using data for the East Riding of Yorkshire, a region in
the UK, Clark (2010) finds only a small positive effect of attending grammar
school on test scores, while a slightly larger and positive effect is observed for
university enrolment. In another study, Del Bono and Clark (2016) estimate the
impact of Scottish elite schools on educational attainment, income and fertility
for the marginal student2. Elite schools increase several measures of educational
attainment, while small effects on labour market outcomes (positive) and fertility
(negative) are found in women, but not in men. With similar methods, Guyon
et al. (2012) evaluate the effects of an expansion of grammar school places in
Northern Ireland, and find that it increased average educational outcomes when
looking at the whole distribution. However, the expansion also decreased average
outcomes for non-grammar school pupils.
Health effects of the comprehensive reform are somewhat less explored in the
literature. Using NCDS data, Jones et al. (2012) show that the distribution of
health outcomes for grammar pupils strictly dominates that for comprehensive
and secondary modern pupils. However, the study also finds that the association
of school type with self-reported health outcomes is mostly insignificant when
accounting for pre-school characteristics via probit and linear models. In another
relevant paper, Jones et al. (2011), evaluate the impact of educational attainment
and school attributes on self-reported health behaviours and outcomes in NCDS.
Although they do not directly look at the impact of type of school on outcomes,
they find a stronger association of educational attainment with health behaviours
2The ‘elite’ schools in the study, denominated senior secondary schools, are broadly com-
parable to grammar schools in England, while ‘non-elite’ ones, namely junior secondary, corre-
spond to the English secondary modern.
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for pupils in low-ability schools, and with mental health in high-ability schools.
Finally, in a more recent study using the NCDS, Basu et al. (2018) explore the
effect of selective versus comprehensive schooling on three dimensions of adult
health and on smoking. They focus on understanding heterogeneity by ability,
by estimating marginal treatment effects along the cognitive ability distribution.
Using percentage of comprehensive schools in the individual’s LEA in 1969 as
a continuous instrument, they find a negative effect of the move to comprehen-
sive schools on depression only, magnified for individuals with lower non-cognitive
skills. Furthermore, they rule out ‘essential heterogeneity’ in the effect due to un-
observed factors, since their effect estimates achieved with a local instrumental
variable method are similar to those obtained via standard OLS and IV method-
ologies3. Overall, this literature suggests that accounting for differences in prior
ability is key to estimating an unbiased effect of selective schooling.
Our analysis builds on this previous work and makes two important con-
tributions. First, we split treatment effect into two along the cognitive ability
dimension. We do this to acknowledge that the transition from a selective to a
comprehensive system represented a different treatment for individuals of high
and low cognitive ability. The entropy balancing algorithm increases comparabil-
ity between treated and control groups prior to treatment, supporting the cred-
ibility of our strategy in the face of the selection problem. Second, the range of
outcomes we consider allows us to build a well-rounded picture of non-monetary
returns of selective versus non-selective secondary school at different points of
the individual’s life. The rationale for this broad scope is to better understand
the paths leading from education to adult inequalities in health, income and gen-
eral well-being, with the inclusion of biometric outcomes for the first time in this
literature.
2.3 Data
The NCDS follows the lives of a cohort of individuals born in England, Scotland
and Wales in a single week in March 1958. The study started at birth with
a sample of over 17,000 individuals, 98% of all individuals born in that week.
Approximately 9,000 were retained at the most recent wave in 2013 (Brown et
al., 2016). Following the birth survey, 9 further sweeps have been undertaken to
date, at ages 7, 11, 16, 23, 33, 42, 46, 50 and 55, plus the collection of biomedical
3The local instrumental variable (LIV) method used by Basu et al. (2018) is meant to
account for unobserved heterogeneity by estimating marginal treatment effect, relying on the
assumption that the distribution of both observable and unobservable characteristics are the
same for very small variations in a given continuous instrumental variable. More on their
methods in Basu (2014) and Heckman et al. (1999).
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samples and data at age 454. Due to differences in the schooling systems between
countries, we only include individuals going to school in England and Wales in
the analysis5. The key variables for the present study are described below.
2.3.1 Pre-treatment characteristics
Detailed information from the first three waves of the survey allows us to con-
trol for a broad set of pre-secondary schooling characteristics, responsible for the
underlying differences cited as the main sources of selection bias when estimat-
ing the effect of school quality (Manning and Pischke, 2006). In addition to
individual characteristics, family background covariates include mother’s interest
in child’s education (expressed on a 0-4 scale), father’s employment status and
socio-economic status (SES), family composition, financial hardship and coun-
cil housing during childhood. Rich information is available on infant and child
health, which is likely to affect both schooling and long-term health outcomes.
We group childhood health conditions from twelve categories under one single in-
dicator of child morbidity, following previous literature (Jones et al., 2011; Power
and Elliott, 2006). Maternal smoking during pregnancy, presence of chronic con-
ditions in the family, and hospital admissions up to age 7 are included to reflect
health endowment. Data collected at age 11 also includes whether the child goes
to an independent primary school; child’s happiness at school reported by par-
ents; whether the child will go to school or study after minimum school-leaving
age. Finally, local area characteristics, based on LEA of school attended in 1974,
were retrieved from the 1971 Census (full list in Table 2.2).
2.3.2 School
The 1958 cohort started secondary school in 1969, during the transition to the
comprehensive system, meaning that cohort members experienced one of two dif-
ferent secondary school systems, selective and non-selective. Figure 2.2 reports
the percentage of comprehensive pupils by LEA at the time, showing consider-
able variation across the country. Information on the type of secondary school
attended at age 16 is retrieved from NCDS wave 3. Schools are classed as grammar
(attended by 10% of the NCDS cohort); secondary modern (20.6%); comprehen-
sive (46.6%); non-LEA (20%), including independent schools; technical (0.5%),
and others (2.2%) (including all age, educationally subnormal, and other special
needs). For our analysis, we consider only the first three categories, individu-
4A detailed breakdown of the data collected for each sweep can be found in the cohort
profile by Power and Elliott (2006), and online at https://cls.ucl.ac.uk.
5Welsh individuals overall represent under 5% of our sample.
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Figure 2.2: LEAs with higher percentages of comprehensive pupils are more ahead in the
transition to the mixed-ability system and viceversa. Sources: Byrne and Williamson (1976)
and Comprehensive School Committee (1971).
als going to state schools for whom we have all covariates of interest, leaving a
sample of 7,694 individuals: 1,040 grammar, 1,991 secondary modern and 4,663
comprehensive pupils. The data on LEA of the school was obtained under special
licence. LEA percentage of comprehensive pupils aged 13 in 1971 (corresponding
to the NCDS cohort) was retrieved from the 1971 edition of the Comprehensive
School Committee (CSC) Journal6.
2.3.3 Ability
Cognitive skills were assessed through numeracy, reading, verbal and non-verbal
tests at ages 7, 11 and 16. Thus, tests were administered during primary, just
before secondary and just after secondary school respectively (see Figure 2.3).
Following existing literature, we group test scores to obtain three indicators for
cognitive ability, one for each age, by implementing principal component analysis
(PCA) (Cawley et al., 1997; Galindo-Rueda and Vignoles, 2005; Jones et al.,
2011). For simplicity of interpretation, we then convert the three PCA indices
to variables bounded between 0 and 1. PCA captures the variation in the data,
while avoiding multicollinearity issues that would arise if all the test scores were
6Most of these figures were supplied by LEAs at the time, while some were calculated by
the CSC on the basis of school population data from the Education Committee’s Yearbook of
the previous academic year (Comprehensive School Committee, 1971).
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Figure 2.3: The graph shows the timing of each cognitive ability test undertaken by NCDS
cohort members in relation to their attendance to primary and secondary school.
included as regressors in the model. More details on the construction of the three
indices can be found in Appendix Section A.3. As noted by Basu et al. (2018)
and Jones et al. (2011), age 11 tests closely resemble the three components of the
11-plus: mathematics, reading, verbal and non-verbal reasoning. When perform-
ing PCA, the factor loadings associated to the three components chosen are very
similar, 0.58 each for arithmetic and general ability, and 0.56 for reading. An in-
dex based on these factor loadings is therefore going to mirror the 11-plus, where
equal weights are given to its different components. We additionally construct a
cognitive rank variable, ranking NCDS individuals by their measured cognitive
ability at age 11. This is calculated separately for children attending the selective
system (grammar and secondary modern schools) and the mixed-ability system
(comprehensive schools). Finally, pre-secondary school non-cognitive skills are
proxied by the Bristol Social Adjustment Guide (BSAG) score, grouping teachers’
answers on twelve dimensions of child behaviour at school, measured at age 11.
The twelve attributes are measures of social maladjustment and include unforth-
comingness, withdrawal, depression, anxiety for acceptance by adults, hostility
towards adults, ‘writing off’ of adults and adult standards, anxiety for acceptance
by children, hostility towards children, restlessness, ‘inconsequential’ behaviour,
miscellaneous symptoms and miscellaneous nervous symptoms7. For the present
analysis, the BSAG score is converted to a variable bounded between 0 and 1,
so that it is increasing in non-cognitive skills. Due to the way the questionnaire
was designed, its distribution is highly skewed towards the right, indicating no
behavioural problems.
7More details on the measure and questionnaire used can be found in Shepherd (2013).
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2.3.4 Outcomes
Well-being and labour market measures
In order to assess short-term impact of secondary schooling, we look at aspira-
tions related to school and work measured at age 16, just after secondary school,
as potential determinants of future achievements. School aspirations is a dummy
variable equal to 1 if the individual intends to stay at school beyond 16, the
minimum school-leaving age. Work aspirations is also a dummy variable, indicat-
ing whether the individual aspires to personal and intellectual growth through a
job. Adult well-being outcomes include life satisfaction, self-efficacy and positive
feelings about one’s job. These are based on the age 33 survey, and are all con-
structed via PCA, grouping answers to several questions8. Contact with police
and drug use are retrieved at age 45. The crime dummy indicates whether the
individual had any significant contact with police (i.e. whether ever moved by
police, received a warning, got arrested, cautioned, or found guilty). The drug
use dummy takes value 1 if the individual has ever tried any illegal drug. We
also examine two labour market outcomes, each measured twice, at ages 33 and
50. The first is individual gross hourly wage, imputed from weekly, monthly or
bi-monthly usual gross pay and hours worked per week, and then log-transformed
for regression analysis. The second is a dummy indicating whether the individual
is in employment at the time.
Survey health measures
The long-term impact of selective schooling is also assessed on a broad range of
health dimensions in adulthood. Self-assessed health (SAH) is measured on a
5-point scale: Excellent (1); Good (2); Fair (3); Poor (4); Very poor (5). This
measure has been shown to predict ill-health and mortality reasonably well and
it has been validated across a variety of cultural contexts (Eriksson et al., 2001;
Kaplan and Camacho, 1983). The 9-item Malaise Inventory, developed by Rutter
et al. (1970), offers a measure of ill-health and discomfort, both physical and men-
tal (Rodgers et al., 1999). The list of questions can be found in Appendix Section
A.4. For ease of interpretation, in regressions we use binary variables equal to 1
for excellent or good SAH and for low malaise (defined as scoring lower than 2 on
the malaise instrument). Both of these are measured at age 50. Mental ill-health
is further measured at age 45 by the revised version of the Clinical Interview
Schedule (CIS-R), developed by Lewis et al. (1992). It is expressed as a summary
score ranging from 0 to 30 based on ten different areas: anxiety, appetite, con-
8For details on the questions used for variables constructed by PCA, see Appendix Section
A.4.
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centration/forgetfulness, depression, depressive ideas, fatigue, irritability, panic,
phobias and sleep.
Biometric health measures
A body mass index (BMI) measure was constructed as weight in kilograms, di-
vided by squared height in metres, using weight and height measured by a nurse
at age 45. A healthy adult BMI ranges from 18.5 to 25kg/m2. Individuals with
BMI< 18.5 would be classed as underweight, while individuals with 25 <BMI≥ 30
would be overweight, or obese if BMI> 30. High BMI values are correlated with
higher risk of cardiovascular disease, stroke and type 2 diabetes (World Health
Organization, 2017).
Blood samples taken at age 45 were used to measure lipids, clotting factors and
inflammatory markers, obtained via special license access. Our outcomes include
C-Reactive protein (CRP) (mg/L), fibrinogen (g/L) and triglyceride (mmo/L)
levels, as well as cholesterol ratio (mmo/L), constructed as total cholesterol di-
vided by high-density lipoprotein (HDL) cholesterol. All of these markers are
positively linked to risk of cardiovascular disease (Benzeval et al., 2014). CRP
and fibrinogen are also associated with higher risk of chronic stress. The use of
biomedical outcomes represents an original element of our study in the literature
on the effects of school quality, as it allows us to assess the effect of education on
an objective measure of the risk of presenting health problems in the future.
2.3.5 Attrition
As in most longitudinal studies, a concern when analysing NCDS data is that
attrition can be non-random. If the probability of dropping out of the sample
is related to variables correlated with the treatment or outcome, then estimates
of treatment effect could be biased (Hausman and Wise, 1979). For each survey
wave used, we therefore examine differences in average characteristics between our
sample and dropped out individuals. We find that there are small but noticeable
differences in average birth and childhood characteristics between these groups
(see Table A1 in the Appendix). Individuals who dropped out are less likely to be
first born and their mother is more likely to have left school before legal school-
leaving age and to have smoked more frequently during pregnancy. However,
treatment status, school type, is observed at 16. The fact that all samples from
age 16 onwards present hardly any differences in the average characteristics shown
increases confidence that sample composition does not vary systematically in rela-
tion to key characteristics after this point in time. This is particularly reassuring
for our analysis and in agreement with other literature (Case et al., 2005; Jones
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et al., 2011). Another important feature is that the percentage of pupils attending
each type of school does not vary over time. Moreover, as noted by Dearden et al.
(2002), even if lower ability and lower SES pupils were under-represented in the
sample, controlling for such characteristics in our analysis reduces the potential
for bias in treatment effect estimates.
2.4 Methods
2.4.1 Reference framework
Secondary school type, Si is the key treatment of interest, and we assume it is
a function of pupil’s background, Bi, comprising family and individual charac-
teristics, childhood abilities, Ai (this is particularly true in selective areas), and
supply of places by type of school, SUi.
Si = S(Bi, Ai, SUi) (2.1)
The production functions for adult health and well-being outcomes, Yi, depend
on background, pre-secondary school ability, type of school, and local area char-
acteristics9.
Yi = Y (Bi, Ai, Si(.), LAi) (2.2)
In the framework, background Bi and ability Ai enter both the school-assignment
function, Equation (2.1), and the outcome equation, Equation (2.2). If there are
unobserved factors correlated with either background or ability, the standard OLS
estimator of the effect of Si in the empirical estimation of Equation (2.2) will be
biased10. This issue represents the main challenge for identification of treatment
effect in our context. In principle, establishing causal effects requires comparing
treated individuals with credible counterfactuals (Heckman et al., 1997; Rubin,
1974). In this spirit, we split the sample into two, thus estimating two separate
treatment effects.
Following the Neyman-Rubin framework, we denote two possible counterfac-
tual outcomes for individual i as Y 0i in the absence of treatment, and Y
1
i with
treatment. On the one hand, we estimate the effect of going to grammar, com-
pared to comprehensive, by comparing outcomes for grammar pupils to their
9We exclude from our framework any post-treatment variables, as these might bias treat-
ment effect in the empirical estimation.
10To see why, suppose that the true relationship is Yi = γ0 + γ1A
∗
i + γ2Si + i, where true
ability A∗i = Ai+Ui, Ui is an unobserved term and corr(Si, Ui) 6= 0. Since we can only observe
Ai, we estimate Yi = γ˜0 + γ˜1Ai + γ˜2Si + 
′
i, where 
′
i = i + γ1Ui. Since corr(Si, Ui) 6= 0, it
follows that corr(Si, 
′) 6= 0, and therefore the OLS estimate for γ˜2 will be biased (see Angrist
and Pischke, 2009 for details).
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counterfactual. These are comprehensive pupils who would have gone to gram-
mar, had they gone through selection. The effect is an average treatment effect
on the treated (ATT), conditional on control individuals providing a reliable
counterfactual group:
ATTG = E[Y 1i − Y 0i |Gi = 1]. (2.3)
Similarly, we estimate the effect of going to secondary modern, compared to its
counterfactual, comprehensive pupils who would have attended secondary mod-
ern, had they experienced the selective system:
ATT SM = E[Y 1i − Y 0i |SM i = 1]. (2.4)
Since E[Y 0i |Gi = 1] and E[Y 0i |SM i = 1] are never observed in practice, we need
to build two counterfactual groups, one for each treatment. We do this via en-
tropy balancing, aimed at increasing balance in observable baseline characteristics
between the treatment and control groups (Angrist, 1998). This first step is fol-
lowed by parametric regressions based on the model expressed by Equation (2.2),
and estimated using the weights obtained in the balancing procedure. Figure A1
in the Appendix illustrates how we construct our samples. The regressions rely
on a set of assumptions, such as the functional form used and the specification
of variables included in the model. While they are justified on the grounds of
economic theory and previous established literature, reliance on these assump-
tions can be seen as a weakness of the empirical analysis. This is particularly the
case where there is a lack of common support across treated and control units11.
Then, balancing covariates for treatment and control groups and using resulting
weights in subsequent parametric regressions can help reduce model dependence
on crucial, although not entirely verifiable, parametric assumptions (Ho et al.,
2007). The advantage of this approach is that it yields ‘doubly robust’ estimates:
treatment effects will be consistently estimated if the first step achieves balance,
even though subsequent parametric models are not well specified; or if balancing
is incorrect, while parametric models are well specified. The main remaining con-
cern is related to unobservables, possibly confounding the relationship of interest.
Estimation of an unbiased treatment effect in this context relies on the conditional
independence assumption (CIA), expressed as Y ji ⊥ Si|Xi, with j = 0, 1. This as-
sumption holds either if all characteristics correlated to treatment and outcome
are observed and controlled for, or if by balancing on the observed character-
istics, we also achieve balance on the unobserved characteristics. We test this
11Common support holds when for each value of a given covariate X, 0 < P (S = 1|X) < 1
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assumption in the placebo procedure illustrated in Section 2.5.6 and discuss the
implications of relaxing it in Section 2.6.
2.4.2 Building a counterfactual: entropy balancing
Entropy balancing is implemented for the two separate samples. The first sample
includes grammar and comprehensive pupils (GC sample hereafter), with gram-
mar school attendance as treatment. The second comprises secondary modern
and comprehensive pupils (SMC sample hereafter), with secondary modern at-
tendance as treatment. Upon surveying a range of matching procedures, entropy
balancing was found to achieve the best balance among the covariates of interest,
while retaining all important information from the original sample12. Developed
by Hainmueller (2012), the procedure assigns weights to the observations in the
control group according to pre-specified conditions, in order to emulate the treat-
ment group in terms of the moments and co-moments of specific covariates13.
The covariates for the balancing procedure are selected based on their ex-
pected relationship to both treatment and outcomes (Caliendo and Kopeinig,
2008). The methodological literature highlights that this choice implies a trade-off
between bias and efficiency (Imbens, 2004; Rubin and Thomas, 1996). Balancing
on a variable that is related to treatment but not outcome will increase variance
of the effect estimate; conversely, balancing on a variable related to outcome but
not treatment will bias the estimate. In order to ensure that the variables are
not influenced by treatment, which would also bias effect estimates, only pre-
secondary schooling variables are used. We include cognitive test scores, BSAG
scores as a proxy of non-cognitive skills, relative rank by cognitive score, mother’s
interest in child education and a dummy for high or middle-high father’s SES.
Except for cognitive test scores, measured at age 7, all variables are measured at
age 11, just before starting secondary school. We prefer age 7 to age 11 cognitive
ability scores, since the latter could be biased upwards in selective areas because
of ‘coaching effects’ (Jones et al., 2011). This is the idea that students in selec-
tive LEAs score higher because they have been coached for this particular kind
of test in view of the imminent 11-plus exam, meaning that age 11 scores do not
reflect ability in the same way for pupils from selective and non-selective areas.
Since the age 11 cognitive rank variable is constructed separately for selective and
12Alternatives surveyed included propensity score matching, and a combination of coarsened
exact matching followed by propensity score matching (Iacus et al., 2012; Leuven and Sianesi,
2012). These yielded matches of lower quality, and smaller sample sizes since observations
outside common support are dropped. Nevertheless, final results adopting alternative matching
procedures are not significantly dissimilar from the main ones presented.
13All empirical analysis is conducted using Stata 15. The Stata package ebalance allows
for a straightforward implementation of the entropy balancing algorithm (Hainmueller and Xu,
2013).
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non-selective pupils (see Section 2.3.3), the bias of coaching effects does not carry
over to this variable. By balancing mean, variance and skewness of the five in-
cluded covariates, as well as their pairwise interactions, we achieved close balance,
without compromising the feasibility of the minimization procedure required for
entropy balancing. As a sensitivity check, to address the concern that selective
and non-selective areas are too different for comparison, we include fourteen lo-
cal area characteristics from the 1971 Census in the entropy balancing algorithm.
Balance achieved is reasonably good for all individual and regional characteristics
in both samples, but our main findings are not affected, and we therefore proceed
with the simpler balancing algorithm in our main specification14.
2.4.3 Parametric regressions
We apply the weights obtained from entropy balancing to the control observations
in parametric regressions. Assuming for each sample j = GC, SMC a constant
average treatment effect αj, we estimate the following by ordinary least squares
(OLS):
Y ji = β
j
0 + α
jSji + β
j
1Ai + β
j
2Bi + β
j
3LAi + 
j
i , (2.5)
with constant βj0 and the binary treatment variable Si equal to 1 for grammar
attendance in the GC sample, or for secondary modern attendance in the SMC
sample, and 0 for comprehensive attendance. Covariates are the vector of ability
Ai, including age 7 cognitive skills, age 11 non-cognitive skills and age 11 relative
cognitive ability (the rank variable); the vector of individual background char-
acteristics Bi, including sex, ethnicity, family socio-economic status, childhood
health endowment and primary school characteristics; and finally local authority
characteristics LAi, while i is a random error term. The whole set of pre-
treatment covariates included is listed in Table 2.2. Among them, we pay special
attention to the ability vector, given that prior ability represents an important
competing explanation to schooling in the returns to education literature, and
particularly so in the literature on selective schooling. In order to assess their
correlation with our set of outcomes, we display the coefficients on the three
indicators of ability in all our main regression tables, comparing them to the co-
efficients for school type. However, given that we are matching observations with
school type as treatment, we note that the coefficients on the ability measures
have no causal meaning.
14Kernel density estimates for local area characteristics are already largely similar for treated
and control pupils prior to entropy balancing, as shown in Figures A2 and A3 in the Appendix
(only 12 non-binary characteristics shown).
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2.4.4 Heterogeneity and robustness checks
In addition to trying alternative matching strategies, we implement some addi-
tional specifications to further explore the relationship of interest and the robust-
ness of our estimates. In a first check, we include interactions of the treatment
and ability variables, in order to explore heterogeneity of treatment effect by
cognitive and non-cognitive ability. We estimate
Y ji = γ
j
0 + γ
j
1S
j
i + γ
j
2S
j
i × Ctop50%i + γj3Sji ×NCtop50%i + X′γj4 + ′ji (2.6)
by OLS, where, for ease of notation, X is the vector of all individual charac-
teristics as in Equation (2.5), including binary indicators for scoring above the
median in the cognitive and non-cognitive skill distributions. The estimates of
γj2 and γ
j
3 reflect the additional effect of treatment S
j, for individuals in the top
50% of the ability distribution, compared to treated individuals in the bottom
50%, for whom the effect is simply γj1, and to the base category of comprehensive
pupils15. We further estimate similar models interacting the school type indicator
with sex and high father SES.
A second additional specification distinguishes between comprehensive schools
that were formerly grammar or secondary modern, versus comprehensive that are
purpose-built. Given the NCDS cohort entered secondary school in 1969, only
four years after Circular 10/65, we want to ensure that the effect estimate of
school type is not confounded by comprehensive schools still transitioning from
their grammar or secondary modern origin. Moreover, school type is retrieved in
1974, and therefore schools could potentially have transitioned to comprehensive
status between when the NCDS cohort member started school and data retrieval.
For analysis with the GC sample, we set grammar as the base category and two
dummy treatment variable indicators: one for attending a comprehensive that
is a former grammar CFi, and one for attending a purpose-built comprehensive
CBi. A similar approach is then implemented with the SMC sample too. We
estimate
Y ji = δ
j
0 + δ
j
1CFi + δ
j
2CBi + X
′δj3 + ξ
j
i (2.7)
by OLS, where X is again the vector of individual characteristics. We now dis-
tinguish between the effect of attending a comprehensive that could still present
characteristics typical of a grammar (or secondary modern) (δj1) and the effect of
attending a purpose-built comprehensive (δj2), compared to the base category of
15In a further alternative specification, we interacted treatment with ability quartiles, to
increase model flexibility. This did not provide any additional information, and we therefore
stick to the simpler interactions.
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attending grammar (or secondary modern).
In a third check, we only include purely selective and purely comprehensive
LEAs in the estimation of Equation (2.5). We define purely selective LEAs as
those with no comprehensive places in 1971, as recorded in Comprehensive School
Committee (1971), and purely comprehensive as those with 100% of places in
comprehensive schools. Although the estimation sample shrinks significantly, the
aim is to provide the analysis for areas where it can be ruled out that compre-
hensive schools experienced the same ‘cream-skimming’ of pupils and resources
as secondary modern schools.
A further robustness check consists of implementing an IV strategy after bal-
ancing, as an alternative way to address endogeneity of treatment Si. Under the
assumptions of relevance and exclusion restriction of the instrument, two-stage
least squares (2SLS) estimation methods can yield a consistent and unbiased
estimate of treatment effect (Angrist and Pischke, 2009). As mentioned, the lit-
erature has used share of comprehensive schools in the LEA and political majority
in the area as instruments (Basu et al., 2018; Galindo-Rueda and Vignoles, 2005).
We use percentage of 13-year-old pupils attending comprehensive school in each
LEA in 1971, corresponding to the NCDS cohort, as IV to instrument school
type16. The variable was retrieved from an external data source, the Comprehen-
sive School Committee 1971 Journal, and linked to NCDS by LEA of individual.
The instrument Zi satisfies the relevance requirement corr(Zi, Si) 6= 0, since
both grammar and secondary modern attendance are expected to be significantly
and negatively correlated with the percentage of comprehensive school places
in the LEA. Secondly, assuming exclusion restriction holds requires the instru-
ment to only affect the outcome through its effect on treatment assignment,
cov(Zi, i) = 0, where i is the error term in the main outcome equation, Equa-
tion (2.5). This seems plausible, although it is difficult to demonstrate. The
main counter-argument would be that LEAs with higher values of the instrument
(i.e. more comprehensive places) could be systematically different from ones with
lower values. A good starting point for our IV is that LEA characteristics, such as
county proportion of unemployed, council tenants, house owners and professional
categories for household heads, are all largely comparable for individuals in the
selective and non-selective system in our sample (see Table 2.2)17.
The first stage of 2SLS estimation, the empirical counterpart of Equation
(2.1), consists of the school assignment function, using percentage of comprehen-
16We prefer this instrument to percentage of schools, as it gives a finer measure of supply of
school places. Data on LEA political control was not available to us.
17We further control for all LEA-level characteristics in the parametric specification of out-
come regressions.
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sive pupils in the individual’s LEA as an instrument:
Sji = η
j
0 + η
j
1Zi + X
′ηj2 + υ
j
i . (2.8)
The second stage then uses the school type predicted in the first stage as a
regressor for the outcome equation with αIV j as the unbiased treatment effect
estimate18:
Y ji = β
IV j
0 + α
IV jSji + X
′βIV j1 + 
′′j
i (2.9)
We implement the IV strategy as a robustness check, but we prefer the match-
ing + OLS estimates for the following reasons. First, under treatment exogeneity,
OLS has superior finite sample properties to IV estimators, and smaller variance
(Sargan, 1958). We conduct Durbin-Wu-Hausman tests of endogeneity of school
type for all outcomes of interest, implementing the weights obtained via entropy
balancing and including all available controls. For all our outcomes, the test,
available in Appendix Table A2, fails to reject the null hypothesis of exogeneity
of treatment. Second, as a rule of thumb, when confidence intervals for IV estima-
tors contain OLS point estimates, it is advisable to use OLS, since this suggests
the two estimators are not statistically different (Sargan, 1958; Young, 2019). We
find this to be the case for all of our outcomes. On the basis of this evidence,
we keep matching + OLS as our main empirical strategy (Mackinnon and David-
son, 2003). Our hypothesis is that by implementing the balancing algorithm on
some key covariates and by including a rich set of control variables, we are able
to control for some of the main confounders in the relationship between type of
school and outcomes. We are however aware that credibility of our analysis relies
on CIA validity, and we keep this into mind when interpreting our results.
The final robustness check follows the placebo test procedure implemented
by Manning and Pischke (2006). Their procedure, detailed in the Appendix,
consists of estimating the effect of type of secondary school for both pre- and
post-secondary school maths test scores, at age 11 and 16 respectively. It is a
placebo test because we would not expect secondary school type to be a significant
predictor of scores prior to treatment, unless the model is misspecified or the
estimation strategy is unable to prevent bias.
18Two Stage Residual Inclusion (2SRI) methods, allowing for non-linear models in either the
first or second stage or both, were also explored as an alternative, but not included. See Terza
et al. (2008) for more details on these methods.
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2.5 Results
2.5.1 Characteristics by type of school
Table 2.1: Descriptive statistics of school characteristics by secondary school attended.
Grammar Comprehensive Sec. modern
Mean s.d. Mean s.d. Mean s.d.
Pupil composition
Number of pupils 658.57 191.52 1107.76 377.94 670.33 283.41
Single sex (%) 0.68 0.47 0.13 0.34 0.26 0.44
Girls studying towards GCEs (%) 0.62 0.31 0.11 0.15 0.03 0.07
Boys studying towards GCEs (%) 0.66 0.33 0.11 0.15 0.02 0.06
>50% fathers in non-manual job 0.68 0.47 0.19 0.39 0.14 0.35
School characteristics
Pupil-teacher ratio 16.05 1.55 17.13 2.07 18.19 2.30
Teachers left last year (%) 0.13 0.07 0.15 0.09 0.15 0.10
Parent-teacher association (%) 0.78 0.42 0.74 0.44 0.52 0.50
Lacks library (%) 0.25 0.43 0.21 0.41 0.23 0.42
Lacks science labs (%) 0.23 0.42 0.19 0.39 0.35 0.48
Lacks sport facilities (%) 0.32 0.47 0.34 0.47 0.38 0.49
Observations 1040 4663 1991
Source: NCDS wave 3.
Table 2.1 summarises school characteristics by type for NCDS participants,
showing higher peer ability and better resources for grammar schools among
the three types. Grammar schools are on average smaller and more likely to
be single sex. They display the highest percentage of pupils studying towards
GCEs (General Certificate of Education, equivalent to A-levels19) and a higher
probability of having more than 50% of fathers in non-manual occupations. In
terms of resources, grammar schools have the lowest pupil teacher ratio of all and
a lower teacher turnover. Higher proportions of grammar schools have a parent-
teacher association and sports facilities, while secondary modern schools are more
likely to lack science labs and sports facilities than other schools. Comprehensive
are the least likely to lack a library and science labs.
Average individual characteristics prior to starting secondary school, displayed
in Table 2.2, also present some differences by type of school. The largest gap
is generally observed between grammar pupils and the other two groups, while
average traits for comprehensive and secondary modern pupils are more similar.
Future grammar, comprehensive and secondary modern pupils differ most notably
in the three measures of ability. Grammar pupils present highest cognitive and
non-cognitive abilities, followed by comprehensive and then by secondary modern
pupils. On average, grammar pupils are also more advantaged in terms of socio-
19A-levels are the highest academic qualification that can be achieved in secondary school,
corresponding to the US High School Diploma, the French baccalaure´at and the German Abitur.
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economic background. Average local area characteristics are very similar across
the three groups, somewhat reassuringly for the identification of an unbiased
treatment effect. The only notable exception, as expected, is the proposed IV,
percentage of comprehensive pupils as a share of total pupils in the individual’s
LEA. This is highest for comprehensive pupils, compared to the rest of the sample.
Table 2.3 summarises all outcome variables used in the analysis. On average,
grammar pupils display higher well-being, better labour market outcomes and
better health, while secondary modern students fare worst out of the three groups.
The only exception is life satisfaction, where comprehensive pupils score highest
and grammar pupils score lowest.
2.5.2 Entropy balancing
We summarise entropy balancing results in Table 2.4, showing the first three mo-
ments of the five key covariates of interest before and after balancing, separately
for the GC and SMC samples. The leftmost three columns in both the top and
bottom panels show mean, variance and skewness for the treated group, while
the three central columns show mean, variance and skewness for the unbalanced
comprehensive sample. The last three columns on the right show weighted mo-
ments for control individuals from the comprehensive sample, using the entropy
balancing weights. In both cases, the weighting procedure achieves almost perfect
balance on mean, variance and skewness of key covariates, so that in the control
group these are similar to the respective treated group. The pairwise interactions
between covariates are not shown, but close balance is also achieved on their
mean, variance and skewness, increasing confidence that the joint distribution of
these variables will be more similar in the two groups after matching. Figure
2.4 shows density kernel estimates for the three ability measures before and after
balancing, separately for the GC and SMC samples. In both samples, applying
balancing weights to comprehensive pupils yields a density that resembles more
closely that of the treated group, thus strengthening credibility of comprehensive
pupils as counterfactual groups for our two separate treatment effects.
2.5.3 Selective schooling and long-term outcomes
Tables 2.5 to 2.7 report results for the main outcome regressions of interest,
all estimated by OLS for the matched GC and SMC samples separately. All
continuous variables are standardised for ease of comparison, except for logged
hourly wage, which can be interpreted in terms of percentages. All models for
binary variables are estimated via probit regressions, and marginal effects are
shown. Although we only show the coefficients on the treatment and ability
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Table 2.2: Descriptive statistics of covariates by secondary school attended.
Grammar G Comprehensive Secondary modern
Mean s.d. Mean s.d. Mean s.d.
Ability
Cognitive skills age 7 0.76 0.10 0.61 0.16 0.59 0.15
Non-cognitive skills age 11 0.94 0.08 0.88 0.12 0.86 0.13
Relative cognitive ability age 11 0.79 0.15 0.50 0.29 0.37 0.22
Background characteristics
Female 0.55 0.50 0.48 0.50 0.49 0.50
Whether first born 0.36 0.48 0.31 0.46 0.30 0.46
Born in Wales 0.03 0.18 0.09 0.28 0.03 0.16
Not white 0.02 0.14 0.04 0.20 0.04 0.20
Two or more siblings 0.65 0.48 0.73 0.45 0.75 0.43
Twin or triplet 0.01 0.11 0.02 0.15 0.03 0.17
No mother 0.00 0.06 0.01 0.08 0.01 0.09
No father 0.03 0.16 0.04 0.20 0.04 0.20
Family SES
Mother interest in child education 2.70 0.77 2.02 1.03 1.88 1.03
Father’s SES high/middle-high 0.32 0.47 0.13 0.34 0.11 0.31
Father unemployed 0.01 0.09 0.03 0.17 0.04 0.18
Father job skilled/professional 0.54 0.50 0.47 0.50 0.47 0.50
Council housing 0.19 0.39 0.39 0.49 0.39 0.49
Free school meals 0.03 0.16 0.09 0.29 0.10 0.30
Health endowment
Mother smoke when pregnant 1.37 0.78 1.59 0.92 1.60 0.93
Child morbidity index 0.06 0.03 0.06 0.04 0.06 0.04
Chronic condition in the family 0.11 0.31 0.15 0.36 0.15 0.36
Child in primary school
Unhappy at school 0.03 0.18 0.07 0.26 0.07 0.26
Independent primary school 0.04 0.19 0.01 0.10 0.01 0.09
Child plans to study after school 0.43 0.50 0.23 0.42 0.17 0.37
LEA (1971 Census)
% comprehensive pupils in LEA 0.29 0.25 0.52 0.32 0.24 0.21
County level % unemployed male 0.04 0.02 0.04 0.02 0.04 0.02
— council housing 0.28 0.08 0.29 0.08 0.28 0.08
— owner-occupiers 0.49 0.16 0.48 0.14 0.52 0.11
— manufacturing employee 0.34 0.12 0.36 0.11 0.36 0.10
— agriculture employee 0.02 0.04 0.02 0.03 0.02 0.03
— lone parent families 0.09 0.02 0.10 0.02 0.09 0.02
— UK born men 0.91 0.06 0.91 0.06 0.92 0.05
— professional/managerial HOH 0.18 0.08 0.16 0.07 0.16 0.06
— non manual HOH 0.22 0.07 0.21 0.06 0.20 0.05
— skilled manual HOH 0.27 0.09 0.28 0.08 0.29 0.07
— semi-skilled manual HOH 0.11 0.04 0.12 0.04 0.12 0.03
— non-skilled manual HOH 0.07 0.02 0.07 0.02 0.07 0.02
County borough 0.26 0.44 0.34 0.47 0.27 0.44
London borough 0.11 0.31 0.10 0.29 0.04 0.20
Observations 1040 4663 1991
The three ability variables are bound between 0 and 1. Mother interest in child education is on
a scale from 1-Little interest to 4-Over concerned. Maternal smoking during pregnancy is on a
scale from 1-Non smoker to 4-Heavy smoker.
29
Table 2.3: Descriptive statistics of outcomes by secondary school attended.
Grammar Gr Comprehensive Secondary modern
Mean s.d. Mean s.d. Mean s.d. Min Max
Well-being measures
School aspirations age 16 (dummy) 0.68 0.47 0.28 0.45 0.18 0.39 0 1
Work aspirations age 16 (dummy) 0.93 0.26 0.79 0.41 0.76 0.43 0 1
Life satisfaction age 33 (PCA) -0.04 1.40 0.04 1.44 -0.02 1.49 -8 2
Self-efficacy age 33 (PCA) 0.21 1.17 -0.02 1.34 -0.06 1.34 -5 1
Positive about job age 33 (PCA) 0.37 1.20 -0.03 1.41 -0.15 1.44 -5 2
Contact with police age 45 (dummy) 0.14 0.35 0.18 0.38 0.18 0.38
Ever tried illegal drugs age 45 0.19 0.39 0.17 0.38 0.17 0.37 0 1
Labour outcomes
Hourly wage at 33 9.33 12.39 7.19 12.52 6.42 10.86 0 357
Employed at 33 0.84 0.37 0.79 0.40 0.80 0.40 0 1
Hourly wage at 50 22.30 30.09 16.33 12.91 15.16 10.97 0 462
Employed at 50 0.92 0.27 0.86 0.35 0.85 0.36 0 1
Survey health measures
Excellent or very good SAH age 50 0.62 0.49 0.52 0.50 0.48 0.50 0 1
Low malaise age 50 0.81 0.39 0.77 0.42 0.76 0.43 0 1
Mental ill-health score age 45 3.02 4.17 3.40 4.68 3.40 4.63 0 30
Biometric health measures
BMI measured age 45 26.41 4.61 27.56 4.88 27.67 5.16 17 64
Cholesterol ratio mmo/L age 45 3.80 1.15 3.97 1.17 4.07 1.18 2 12
Triglyceride mmo/L age 45 1.88 1.46 2.06 1.61 2.15 1.71 0 27
Fibrinogen g/L age 45 2.88 0.56 2.98 0.63 3.00 0.62 1 7
C reactive protein mg/L age 45 1.84 3.35 2.27 4.93 2.26 4.26 0 152
Observations 1040 4663 1991
Source: NCDS. For more details on the variables constructed by PCA, see Appendix. For the wage outcome, we
excluded from the analysis 13 individuals with weekly income above £10,000. Healthy ranges for the biometric
markers are as follows: <25 for BMI, <5 for cholesterol ratio, <1.7 for triglycerides, 1.9-4.3 for fibrinogen and <5
for CRP (Fuggle, 2018).
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Table 2.4: Pre- and post-matching moments of key covariates.
Grammar Raw comprehensive Balanced comprehensive
N=1040 N=4663 N=4663
Mean Variance Skewness Mean Variance Skewness Weighted m. Weighted v. Weighted s.
Cognitive skills 0.763 0.010 -0.467 0.618 0.025 -0.404 0.763 0.010 -0.469
Non-cognitive skills 0.940 0.006 -2.288 0.882 0.015 -1.513 0.940 0.006 -2.286
Relative cognitive score 0.795 0.021 -0.944 0.507 0.082 -0.029 0.795 0.021 -0.946
Mother’s interest in edu 2.697 0.585 -1.843 2.027 1.057 -0.490 2.697 0.585 -1.842
High father’s SES dummy 0.822 0.146 -1.685 0.692 0.213 -0.831 0.822 0.146 -1.683
Secondary modern Raw comprehensive Balanced comprehensive
N=1991 N=4663 N=4663
Mean Variance Skewness Mean Variance Skewness Weighted m. Weighted v. Weighted s.
Cognitive skills 0.590 0.022 -0.308 0.618 0.025 -0.404 0.590 0.022 -0.308
Non-cognitive skills 0.867 0.016 -1.363 0.882 0.015 -1.513 0.867 0.016 -1.362
Relative cognitive score 0.376 0.047 0.363 0.507 0.082 -0.029 0.376 0.047 0.364
Mother’s interest in edu 1.908 1.065 -0.317 2.027 1.057 -0.490 1.908 1.065 -0.317
High father’s SES dummy 0.671 0.221 -0.728 0.692 0.213 -0.831 0.671 0.221 -0.728
The top panel refers to the GC sample, while the bottom panel to the SMC sample. Mean, variance and skewness of the pairwise
interactions of the five covariates listed are also balanced (not shown).
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Figure 2.4: Kernel density estimates for three ability measures, for the GC sample (top row) and the SMC sample (bottom row). Mother’s interest in child
education and father’s SES are not shown, as they are discrete variables. The dashed line (large dash) illustrates density kernels for comprehensive pupils,
balanced with the weights obtained via entropy matching so that they are more comparable to treated individuals.
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variables, all models are estimated controlling for all covariates described in Table
2.2.
Table 2.5 shows that, for the high cognitive ability sample, attending a gram-
mar school significantly increases school aspirations, the probability that individ-
uals intend to stay at school beyond 16, by approximately 13 percentage points
(pp), compared to comprehensive attendance. At the same time, grammar at-
tendance decreases adult life satisfaction by 0.13 standard deviations (SD). For
the lower cognitive ability sample in the lower panel, secondary modern atten-
dance decreases the intention to stay at school beyond minimum leaving age (4
pp), while it increases self-efficacy at 33 (0.08 SD), compared to comprehensive.
In Table 2.6, showing estimation results for labour market outcomes, grammar
is significant at 10% for both age 33 and age 50 log-transformed wages, raising
average hourly wage by 6 pp and 9 pp, compared to attending comprehensive.
Grammar also increases the probability of being employed at 33 by 3 pp, com-
pared to similarly able comprehensive pupils. Secondary modern attendance, in
the lower panel, increases average wage at 50 by roughly 8 pp, and the probability
of being employed at 33 by 3 pp. Table 2.7 displays results for health outcomes.
Grammar attendance is only significantly related to BMI, decreasing it by 0.1
SD, compared to comprehensive, while secondary modern, in the bottom panel,
is only significantly and positively related to cholesterol ratio (p-value<0.1).
The ability variables, on the other hand, display a significant association with
most outcomes. As mentioned in Section 2.4.3, while lacking causal meaning,
these coefficients can guide us in assessing how ability compares with school
type as a competing explanation for several future outcomes. In Table 2.5, for
both the GC and SMC sample, higher cognitive ability at age 7 is linked to
higher self-efficacy in adulthood (0.4-0.6 SD for a one-unit increase in cognitive
ability20). Age 7 cognitive skills are linked to employment outcomes only in the
low ability sample (up to 18 pp increase in age 33 wages). Conversely, they display
a significant link with lower biomarkers (BMI, cholesterol ratio and triglycerides),
indicative of better health, in the high ability sample only.
In both samples, age 11 non-cognitive skills are linked with higher life satis-
faction and self-efficacy (0.6-1.2 SD and 0.4-1.1 SD respectively), and lower prob-
ability of drug use (24 to 30 pp). The association is stronger in magnitude for the
GC sample, of higher cognitive ability. Non-cognitive skills are also significantly
associated with the probability of aspiring to personal and intellectual growth
at work (13 pp), job positivity (0.5 SD) and a lower probability of committing
20A one-unit increase in either the cognitive skills, non-cognitive skills or relative cognitive
ability variables corresponds to a move from the bottom to the top of the distribution, since
the three indices range between 0 and 1. In this section, all coefficients express the change in
outcome associated to a one-unit move in the ability indices.
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crime (24 pp) in the SMC sample only. Table 2.6 shows that non-cognitive ability
is also positively and significantly associated with wages (up to 75 pp increase),
and with the probability of employment (up to 18 pp). Further, non-cognitive
skills are significantly related to better health in the SMC sample, with a 35 pp
increase in the probabilities of scoring high self-assessed health and low malaise
at age 50, and a reduction of 0.6 SD in mental health problems at 45. Compared
to the GC sample, this result may indicate that higher non-cognitive skills have
a protective role for the health of pupils of lower average cognitive ability.
Finally, age 11 cognitive ability rank is significantly and positively linked to
positive school (35 to 70 pp increase) and work aspirations (18 to 41 pp), and job
positivity (0.6-0.8 SD). Relative cognitive ability is significantly linked to wages,
and coefficients are large, indicating increases of up to 80 pp in the GC sample
and up to 44 pp in the SMC sample. Moving from the lowest to the highest rank
of cognitive ability is also linked to a decrease in C-Reactive protein (0.5 SD) and
fibrinogen levels (0.4 SD) in the GC sample. In the SMC sample, higher cognitive
rank is significantly associated with the probabilities of scoring high self-assessed
health (15 pp increase), low malaise (12 pp increase), and lower fibrinogen levels
(0.4 SD).
2.5.4 Heterogeneous effects
Interacting treatment with high levels of cognitive and non-cognitive skills, as
shown in Equation (2.6), did not add any further insight to our main message, as
illustrated in Tables A3-A5 and also in figures A4-A9 in the Appendix, plotting
average treatment effect estimated at each point of the ability distribution, for
the three ability measures considered. We only note that grammar appears to
have a larger positive effect on school aspirations and wages for pupils in the
bottom half of the cognitive ability distribution for the GC sample (Tables A3-
A4). Further interactions with sex, in Appendix Tables A6-A8, indicate that the
grammar advantage for school aspirations was more prominent for boys, while
the secondary modern disadvantage for this outcome is only significant for girls.
For girls, attending grammar is also significantly linked to lower self-efficacy in
adulthood. As for employment outcomes, Table A8 shows no significant difference
by sex in the grammar coefficient, while the secondary modern advantage in terms
of employment and wages appears to be driven by boys (although precision in
these coefficients varies). More differences by sex can be observed in Table A8.
The grammar coefficient shows a positive association with low malaise scores for
boys, and negative for girls. Conversely, grammar attendance is linked to higher
CRP levels (increasing in bad health) for boys and lower for girls. Interacting
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Table 2.5: Selective schooling and well-being outcomes.
School asp. Work asp. Life sat. Self-eff. Job positiv. Crime Drugs
Grammar vs comprehensive (high ability)
Grammar 0.1259*** 0.0130 -0.1307** -0.0535 -0.0014 -0.0142 -0.0103
(0.0165) (0.0111) (0.0460) (0.0371) (0.0474) (0.0171) (0.0183)
Cognitive skills 0.1375 -0.0625 -0.0561 0.5919** 0.2390 0.0706 -0.0051
(0.0943) (0.0557) (0.2744) (0.2164) (0.2448) (0.0971) (0.0911)
Non-cognitive skills 0.1692 0.0615 1.1847** 1.1133*** 0.0421 -0.0450 -0.3070**
(0.1185) (0.0663) (0.3625) (0.3228) (0.2596) (0.0964) (0.0983)
Relative cogn. ability 0.6918*** 0.1832*** -0.1145 0.3567* 0.8344*** -0.0783 0.1491*
(0.0623) (0.0420) (0.1602) (0.1622) (0.1550) (0.0587) (0.0608)
Observations 4197 4156 3131 3083 3145 3277 3279
F statistic 5.3818 7.7965 14.2346
χ2 statistic 305.38 52.28 63.44 65.97
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0420** 0.0179 -0.0069 0.0789* 0.0258 -0.0207 -0.0066
(0.0129) (0.0142) (0.0439) (0.0362) (0.0389) (0.0131) (0.0142)
Cognitive skills 0.0393 0.0315 0.2013 0.3840+ 0.2571+ 0.0840 0.1064*
(0.0520) (0.0569) (0.1581) (0.1947) (0.1531) (0.0551) (0.0511)
Non-cognitive skills 0.1413* 0.1341* 0.5838*** 0.3905* 0.4602** -0.1255* -0.2386***
(0.0553) (0.0570) (0.1631) (0.1603) (0.1426) (0.0543) (0.0572)
Relative cogn. ability 0.3449*** 0.4142*** -0.2027* 0.2248* 0.6090*** -0.0432 0.0329
(0.0360) (0.0413) (0.0957) (0.1095) (0.1164) (0.0429) (0.0396)
Observations 4872 4818 3588 3535 3597 3777 3779
F statistic 5.7861 9.7086 20.4473
χ2 statistic 282.59 275.40 206.80 83.91
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous
outcomes are standardised. Binary outcomes are estimated via probit models, for which marginal effects are displayed.
All control variables are included.
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Table 2.6: Selective schooling and labour market outcomes.
Log hourly wage 33 Employed at 33 Log hourly wage 50 Employed at 50
Grammar vs comprehensive (high ability)
Grammar 0.0588+ 0.0321+ 0.0879+ 0.0199
(0.0308) (0.0164) (0.0509) (0.0144)
Cognitive skills 0.0082 0.0783 -0.0131 0.0676
(0.1666) (0.0970) (0.2810) (0.0856)
Non-cognitive skills 0.4218* 0.0841 0.7541* 0.0963
(0.2046) (0.1194) (0.2990) (0.0766)
Relative cogn. ability 0.6533*** 0.0585 0.7986*** -0.0165
(0.1181) (0.0633) (0.1563) (0.0459)
Observations 2460 3323 1551 2852
F statistic 27.2839 9.6002
χ2 statistic 189.20 47.44
Secondary modern vs comprehensive (low ability)
Secondary modern 0.0474 0.0338* 0.0827* -0.0205
(0.0324) (0.0154) (0.0388) (0.0132)
Cognitive skills 0.1868* 0.0422 0.0552 0.1155*
(0.0835) (0.0646) (0.1315) (0.0550)
Non-cognitive skills 0.2504* 0.1375** -0.0229 0.1818***
(0.1091) (0.0495) (0.1808) (0.0550)
Relative cogn. ability 0.3710*** 0.0566 0.4450*** 0.1102**
(0.0642) (0.0421) (0.0795) (0.0376)
Observations 2766 3821 1689 3230
F statistic 29.7419 20.8571
χ2 statistic 268.53 110.05
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. Binary
outcomes are estimated via probit models, for which marginal effects are displayed. All control variables are
included.
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Table 2.7: Selective schooling and health outcomes.
High SAH Low malaise Mental ill-health BMI Chol ratio Triglycerides CRP Fibrinogen
Grammar vs comprehensive (high ability)
Grammar -0.0055 0.0170 0.0122 -0.1056* 0.0385 -0.0069 0.0031 0.0133
(0.0301) (0.0210) (0.0486) (0.0528) (0.0501) (0.0476) (0.0449) (0.0587)
Cognitive skills 0.2267+ 0.0699 -0.1821 -0.6314** -0.5410+ -0.5765+ -0.1312 -0.0597
(0.1257) (0.1107) (0.2928) (0.2337) (0.3019) (0.2984) (0.2029) (0.2834)
Non-cognitive skills 0.2213 0.0946 -0.6169* -0.4083 -0.3525 -0.2488 -0.2157 -0.5401+
(0.1558) (0.1233) (0.2917) (0.2819) (0.3540) (0.3497) (0.2149) (0.3140)
Relative cogn. ability 0.0948 0.1047 0.2404 0.0119 -0.2163 -0.0790 -0.4670* -0.4220+
(0.1144) (0.0764) (0.1821) (0.2003) (0.1811) (0.2501) (0.1910) (0.2408)
Observations 2875 2854 2805 2759 2327 2333 2302 2295
F statistic 9.4540 4.9628 56.5408 47.2199 3.5059 3.8530
χ2 statistic 52.8400 56.4290
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0034 0.0060 -0.0302 0.0355 0.0674+ 0.0241 -0.0231 -0.0281
(0.0237) (0.0191) (0.0372) (0.0479) (0.0405) (0.0447) (0.0477) (0.0426)
Cognitive skills 0.0623 0.0398 -0.1485 -0.0862 -0.0261 -0.0826 -0.2524 -0.0479
(0.0831) (0.0738) (0.1620) (0.1881) (0.1991) (0.2214) (0.2128) (0.1731)
Non-cognitive skills 0.3468*** 0.3456*** -0.6103*** 0.1171 -0.2685 -0.2160 0.1938 0.0904
(0.0857) (0.0808) (0.1639) (0.1820) (0.2452) (0.2208) (0.2016) (0.1957)
Relative cogn. ability 0.1516** 0.1223** -0.1603 -0.1411 -0.0989 -0.0803 -0.1599 -0.4420***
(0.0540) (0.0466) (0.1217) (0.1315) (0.1302) (0.1096) (0.1463) (0.1183)
Observations 3250 3224 3203 3145 2665 2669 2634 2629
F statistic 6.0568 6.2434 17.0289 25.9164 3.9511 6.0538
χ2 statistic 109.2700 96.6975
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous outcomes are standardised.
Binary outcomes are estimated via probit models, for which marginal effects are displayed. All control variables are included.
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treatment with SES (not shown) did not offer additional information.
Secondly, distinguishing between comprehensive schools by origin did not pro-
duce significantly different results from our main specification. We leave results
in Appendix Tables A9-A11. The main new insight is that the wage results are
driven by differences between grammar/secondary modern schools and purpose-
built comprehensive ones. Conversely, former grammar and secondary modern
converted into comprehensive did not produce significantly different wage out-
comes in those early years of the transition.
Finally, when including in the estimation procedure only LEAs that were
purely selective or purely non-selective, sample sizes shrunk significantly, but the
main results still apply (see Appendix Tables A12-A14). Grammar attendance
is linked to an increase in the probability of wanting to stay in school beyond
minimum leaving age, and to better employment outcomes (although with lower
significance levels), as well as lower BMI. In this specification, coefficients are
larger and grammar attendance is also linked to lower CRP and fibrinogen levels,
indicative of good health. For secondary modern attendance, the link with school
aspirations is negative as in the main specification, although not significant, and
the positive links with self-efficacy and employment at 33 are confirmed.
2.5.5 Instrumental variable estimates
The first stage of the IV specification, used as a robustness check for our main
results, shows a significant and negative correlation between the instrument, per-
centage of comprehensive pupils in the individual’s LEA, and the treatment vari-
able in both samples (see Appendix Table A15). The partial F-test is always
greater than 10, which by rule of thumb increases the confidence that the instru-
ment of choice is not weak21 (Staiger and Stock, 1997). Tables A16 to A18 in the
Appendix display results for the second stage of 2SLS models. Standard errors are
in general at least twice as large as OLS standard errors. Similarly to OLS, the
2SLS estimator suggests that grammar attendance significantly increases school
aspirations, i.e. the likelihood of wanting to stay in school beyond 16, by 11 pp,
while secondary modern attendance decreases it by almost 6 pp. The coefficient
of grammar on life satisfaction is negative but not significant, due to a larger
standard error. The largest difference is observed with labour outcomes, where
the coefficients of grammar are larger for age 33 outcomes and insignificant for
age 50 wage, while the coefficients for secondary modern are insignificant. Still,
most of the point estimates across all outcomes are similar to OLS ones in sign
21In just-identified models (i.e. where there is one instrument for each endogenous variable),
weak instrument bias is much smaller than in over-identified ones, especially if the first stage
is highly significant (Angrist and Pischke, 2009).
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and magnitude, and when the sign changes, it is always for near-zero estimates.
Moreover, as noted above, OLS estimates of treatment effect fall within the confi-
dence intervals for IV estimates for all outcomes, meaning there is no statistically
significant difference between the two22.
2.5.6 Falsification tests
As a further check, we conduct placebo procedures in the same spirit of Manning
and Pischke’s falsification test, in order to support credibility of our empirical
strategy. There are some key differences in our procedure, compared to Manning
and Pischke’s original approach: first, we implement the regressions separately for
the GC and SMC samples, instead of considering the whole sample; second, we
include the weights obtained by entropy balancing and the set of control variables
used in our main specification; third, by varying the balancing algorithm, we try
to assess the extent of the potential bias due to unobservables or misspecification.
Following the original paper, maths test scores are converted to a scale from 0
to 100, so that coefficients are more easily interpreted. The first four columns
in Table 2.8 display results for age 11 maths scores, while the last four do the
same for age 16 scores. Results for age 11 scores in columns (1) and (2) for
the GC sample confirm what was found by the original authors. Comprehensive
attendance, used as treatment for both groups for comparability with the original
test, is a significant and negative predictor of age 11 maths scores when compared
to grammar, even after balancing. However, the magnitude of the coefficient is
halved after balancing, which suggests the matching procedure is working in the
right direction.
One hypothesis is that the residual 8.76 percentage point difference in age 11
outcomes between grammar and comprehensive pupils is due to the the coach-
ing effects mentioned in Section 2.4.2. Primary schools in selective areas were
likely to tutor their pupils in preparation for the 11-plus, and even short-term
coaching has been shown to have large positive effects on performance on this
type of test, warranting a relatively large size of the coaching effect (Bunting and
Mooney, 2001). For the SMC sample, comprehensive attendance is a significant
predictor of maths scores at age 11. The coefficient is positive in the unmatched
sample (column (1)), and negative in the matched one (column (2)). In this case,
entropy balancing potentially eliminates differences in observable characteristics
that introduce positive bias in the comprehensive coefficient in the unmatched
22Two Stage Residual Inclusion (2SRI) results, available on request, are also close to OLS
results. Generalised residuals saved from the first stage of 2SRI are never significant, indicating
either that the term is unable to capture unobserved confounders in the structural equation, or
that endogeneity in this instance is not a problem.
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Table 2.8: Placebo age 11 regressions and age 16 regressions.
Age 11 maths scores Age 16 maths scores
(1) (2) (3) (4) (5) (6) (7) (8)
Unmatched Matched Matched Matched Unmatched Matched Matched Matched
Grammar vs comprehensive (high ability)
Comprehensive -0.1551*** -0.0876*** -0.0105 -0.0123 -0.0887*** -0.0656*** -0.0664*** -0.0616***
(0.0083) (0.0074) (0.0081) (0.0081) (0.0075) (0.0072) (0.0071) (0.0072)
Cognitive skills 7 0.8174*** 0.5230*** 0.5173*** 0.4836***
(0.0217) (0.0331) (0.0307) (0.0333)
Cognitive skills 11 0.7535*** 0.8565*** 0.8926*** 0.8917***
(0.0152) (0.0302) (0.0302) (0.0319)
Non-cognitive skills 0.2712*** 0.0601 0.0651 0.0794+ 0.1011*** 0.2517*** 0.2599*** 0.2527***
(0.0212) (0.0412) (0.0473) (0.0460) (0.0213) (0.0456) (0.0486) (0.0472)
Matched on age 7 cognitive skills No Yes No Yes No Yes No Yes
Matched on age 11 cognitive skills No No Yes Yes No No Yes Yes
Observations 4166 4166 4166 4166 4166 4166 4166 4166
F statistic 255.0254 25.7752 28.6748 19.4825 367.1590 84.9778 93.3781 92.6273
Secondary modern vs comprehensive (low ability)
Comprehensive 0.0363*** -0.0427*** 0.0073 0.0118+ 0.0173** 0.0054 0.0098+ 0.0087
(0.0064) (0.0058) (0.0060) (0.0062) (0.0055) (0.0054) (0.0053) (0.0053)
Cognitive skills 7 0.8009*** 0.6195*** 0.6917*** 0.6755***
(0.0177) (0.0181) (0.0174) (0.0172)
Cognitive skills 11 0.7185*** 0.6108*** 0.6333*** 0.6304***
(0.0138) (0.0171) (0.0152) (0.0152)
Non-cognitive skills 0.2667*** 0.2321*** 0.2249*** 0.2460*** 0.0855*** 0.0840*** 0.0943*** 0.0880***
(0.0207) (0.0215) (0.0231) (0.0233) (0.0171) (0.0199) (0.0207) (0.0208)
Matched on age 7 cognitive skills No Yes No Yes No Yes No Yes
Matched on age 11 cognitive skills No No Yes Yes No No Yes Yes
Observations 4847 4847 4847 4847 4847 4847 4847 4847
F statistic 231.5945 86.1400 144.3652 145.5350 179.1259 67.9224 93.7780 94.5217
+ p < 0.1 *** p < 0.001 Standard errors clustered at LEA level in parentheses. All control variables included.
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sample. The residual 4.27 percentage points could also be due to coaching ef-
fects. Although it seems large, it is half the coefficient of comprehensive in the
GC sample, which is in line with average cognitive ability of future secondary
modern pupils being lower than that of grammar pupils23.
An alternative explanation to coaching effects could be that the coefficients
in column (2) reflect pre-treatment differences that the matching + OLS strategy
is not adequately accounting for. In this case, it is useful to assess whether elim-
inating these differences would affect treatment effect, in order to put bounds on
the potential bias. To this end, in columns (3) and (7), we balance the samples
on age 11 cognitive ability scores instead of age 7 scores. Additionally, in columns
(4) and (8), we include both age 7 and 11 scores in the balancing algorithm. We
expect both of these alternative balancing algorithms to eliminate differences in
age 11 maths scores between treatment and control groups, thus making the com-
prehensive indicator insignificant, since age 11 maths scores are highly correlated
to age 11 cognitive scores24. The aim is to check whether eliminating residual age
11 differences has any effect on the comprehensive coefficient for age 16 maths
scores, to understand the importance of any potential bias due to unobservables
for later outcomes.
Columns (5)-(8) in Table 2.8 show that the magnitude of the comprehensive
coefficient declines in the GC sample, when moving from the unmatched to the
matched sample, but remains fairly stable around 6 percentage points, even when
artificially eliminating age 11 differences. Something similar can be observed for
the SMC sample, where the coefficient is initially positive and significant at 1.73
percentage points (column (5)). This then decreases to less than 1 percentage
point, becoming null, when matching, remaining stable across the different bal-
ancing algorithms (columns (6) to (8)). In both samples, eliminating potential
unobservable differences at age 11 by matching on age 11 cognitive scores produces
a variation in the age 16 coefficient of less than 0.005. This is compatible with
the coefficients in column (2) picking up a large, although relatively short-lived,
coaching effect that biases age 11 maths scores upwards for pupils in selective
areas, which would then disappear by age 1625. Moreover, to the extent that
coaching does not affect outcomes outside of test scores, the range of outcomes
23We cannot directly compare our coefficient with Manning and Pischke (2006), since our
samples are different, but their estimates range between 3 and 8 pp, depending on the specifi-
cation.
24Recall that age 11 ability score is constructed by PCA on maths, reading and general ability
tests. As detailed in Section 2.4.2, we do not match on age 11 scores in the main specification,
because these could be biased by coaching, while we are interested in matching individuals on
their underlying ‘true’ ability, since that is potentially correlated with our main outcomes.
25In addition to this, age 7 outcomes are not significantly different between the balanced
treatment and control groups.
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presented in this paper will be exempt from this bias26.
2.6 Discussion
When correcting for pre-treatment differences in pupil characteristics, type of
school is a significant predictor of school aspirations and some labour market
outcomes. Most well-being measures are not affected, with the exception of life
satisfaction and self-efficacy, and in some specifications only. We find that in the
short-term, pupils who attended grammar schools in the 1970s were 13 percentage
points more likely to say they intended to stay at school beyond minimum leaving
age, than comprehensive pupils of similar ability. This effect may translate into
better educational qualifications and better employment prospects later in life,
which is consistent with the evidence we present on wages (up to 9 points higher)
and with a study on the earnings of more recent generations by Burgess et al.
(2019). In spite of this, we also find that grammar lowers adult life satisfaction
(by 0.13 standard deviations), compared to similarly able pupils in mixed-ability
systems. Conversely, secondary modern pupils were about 5 percentage points
less likely to want to stay at school beyond 16, maybe due to the vocational
nature of the secondary modern curriculum.
While the link between school type and educational aspirations is of the ex-
pected sign, the positive effect of attending secondary modern on employment
outcomes may be surprising. We advance some possible explanations as to why
this is observed. First, better wages (up to 8 points higher) for secondary mod-
ern pupils may be linked to the fact they could learn a profession at school,
compared to the general education given to low-ability pupils in comprehensive
schools. Supporting this point, Appendix Figure A10 shows that, at age 33, the
majority of former secondary modern and comprehensive NCDS pupils end up
in skilled non-manual, skilled manual or partly skilled occupations. If secondary
modern pupils finished school with more practical knowledge, it is reasonable that
they would fare better in such professions. Additionally, this would be consis-
tent with the significant and positive coefficient associated to secondary modern
attendance for adult self-efficacy (0.08 SD). A second hypothesis relates to differ-
ences in labour market conditions in selective and non-selective areas at the time
in which NCDS individuals left school. Although we have reduced variability
in area-level characteristics via entropy balancing, it may be that we are un-
able to account for specific features indicating preparedness of the labour market
26When we carry out similar procedures with BMI at age 16 and 11 as dependent variables
we find that comprehensive attendance is not significant for age 16 nor age 11 BMI, in either
sample. Basu et al. (2018) conduct a similar check, taking age 11 child morbidity as main
outcome of the placebo procedure.
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for young school-leavers, such as the availability of apprenticeships. If this was
the case, then it would be incorrect to attribute this effect to school type only.
Third, characteristics common to schools in the selective school system, other
than selection itself, could explain the outcomes. For instance, Table 2.1 shows
that schools in the selective system are more likely to be single sex than compre-
hensive schools. The importance of this feature has been widely documented in
the returns to education literature, and it could arguably also play a role in this
context (Sullivan et al., 2011).
We further find that most of the health outcomes considered are not affected
by school type, except for a link between grammar attendance and lower BMI, and
one between secondary modern attendance and higher cholesterol ratio, although
magnitudes are small, and significance levels vary by specification. Our findings
corroborate previous literature on the long-term effects of selective schooling. In
their analysis of Scottish data, Del Bono and Clark (2016) find no significant
effects for most of the adult outcomes considered, except for female income and
fertility. With respect to health effects in the English context, Basu et al. (2018)
find no significant average effects of the transition to comprehensive schools for
self-assessed health and smoking. We extend their result by adding evidence on
biomarkers for risk of CVD and well-being outcomes, and by distinguishing be-
tween two treatment effects and two samples, in order to build the counterfactual
control group more reliably. When exploring heterogeneity, Basu et al. (2018)
find a negative effect of the move to mixed-ability schooling on depression for
men with lower childhood non-cognitive skills. In our application however, we
do not find that our simpler method to account for skills heterogeneity changes
our main findings. We instead find some differences by sex, although generally to
the effect that boys experience larger benefits from grammar schools, while girls
experience larger disadvantages from secondary modern school.
Taken together, our evidence adds to the literature casting doubts over the
effectiveness of selective schooling policies to improve long-term health and well-
being outcomes. The significant differences shown in outcomes by school type
in Table 2.3 mostly disappear once we take background into account, the only
exceptions being educational aspirations, labour market outcomes and the life
satisfaction measures mentioned. Yet, a note of caution is in order when inter-
preting the significance of these result for current policy: while grammar schools
maintain their name and focus on academic education, the education system has
evolved, and so have labour market conditions. Old secondary modern schools
have either become comprehensive or shifted their focus towards more academic
subjects, leaving vocational education to the remit of colleges offering National
Vocational Qualifications (NVQs) and to company-based apprenticeships. Sev-
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eral new types of schools, among them faith schools, academies and free schools,
have been created and compete with grammar schools for quality of teaching and
pupil achievement. A prediction of the consequences of the current expansion
policy will have to take these and other factors into account.
A key contribution of our paper is the combination of entropy balancing,
an intuitive and effective matching method, with parametric regression, which
yields doubly robust estimates, thus helping create a quasi-experimental setting
to evaluate an educational reform with no clear roll-out. Criticisms previously
advanced by Manning and Pischke (2006) in this literature targeted value-added
methodologies and IV regressions used to explore the effects of selective schooling
on educational achievement. These were shown to be unable to eliminate selection
bias. Our placebo procedures, in the same spirit as theirs, suggest that our
methodology nets out some of the pre-treatment differences between compared
groups. We argue that the residual placebo effect on age 11 maths scores is likely
due to coaching effects. However, we additionally show that, even if the residual
effect was due to unobservable differences at age 11, the bias is unlikely to carry
over to later outcomes.
The validity of our analysis relies on the conditional independence assump-
tion (CIA), assuming that, conditional on the observed variables, treatment is as
good as randomly assigned. It is hardly plausible that all potential confounders
are observed in practice, but we argue that we can still preserve unbiasedness
if we assume that unobservables are sufficiently correlated with observed covari-
ates, so that achieving balance on the latter also implies balance on unobserved
confounders. If this assumption does not hold, then our OLS coefficients will
be biased. The main candidates for unobservables that could enter both treat-
ment and outcome equations, biasing the estimates, are underlying child ability,
child propensity to schooling (including genetic factors), parental support and re-
sources and peers’ influence on the child. With exception for the latter, we have
included proxies of these variables in our regressions. Given the expected effect
of ability, propensity to schooling and parental support on outcomes is positive,
we expect most of these unobservable traits to be positively as well as sufficiently
correlated to the observed proxy covariates included in the matching and regres-
sion procedures. If these assumptions hold, we can then hypothesise that any
residual bias could be driven mainly by genetic factors or peers’ influence.
As a secondary result, we additionally note that childhood cognitive abilities
are highly correlated with several of our outcomes later in life, even when account-
ing for non-cognitive skills, which agrees with the literature on the economics of
human capital (Auld and Sidhu, 2005, Conti and Heckman, 2010, Bijwaard et al.,
2015). Similarly to Jones et al. (2011), we also find that childhood non-cognitive
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abilities are significantly linked with several long-term outcomes, and extend this
result to our health, well-being and labour market outcomes. As shown in Figure
2.5, the association between all ability measures and outcomes is sizeable. The
effect of school type is generally equivalent to moving by between 20 and 30 per-
centiles on the ability distribution. An interesting feature of our findings is that
they also suggest that the importance of non-cognitive skills for life outcomes may
vary depending on the level of cognitive skills. This is the case for the protective
role of non-cognitive skills for health, which emerges as significant only in the
lower cognitive ability sample.
Building on this finding, a reason why we do not find a significant effect of
selective schooling on health and well-being could be that secondary school type
does not directly affect the channels leading to better adult well-being. In line
with this, Jerrim and Sims (2018, 2019) find no association between attending
grammar school and adolescent non-cognitive skills, for a cohort of British individ-
uals born in 2000-2001. Cognitive and non-cognitive skills, as well as preferences
determining our decisions, might then be shaped earlier on in childhood (Kautz
et al., 2014). If it is true that skills and preferences affect health and well-being
in the long-term, then educational policy might have larger spill-over effects on
health if it channels its resources towards early childhood education interventions,
rather than new selective schools. On the other hand, channels that affect these
outcomes might also be formed later on, after secondary schooling. Further skill
production could occur in adulthood via university attendance, career path, work
and home environment and so on. Understanding the mechanisms and timing of
skill production can then be a productive avenue for future research.
2.7 Conclusion
We add a piece of evidence to the debate on selective schools in England, by
looking at the long-term health, well-being and labour market effects of attending
a high- or low-ability school in a selective system, compared to a mixed-ability
school in a non-selective system. We use data from NCDS, including individuals
from both systems, allowing us to explore the effects of selective schooling at
several points of these individuals’ lives over time, in spite of the lack of a clear
roll-out of the educational reform. We build our quasi-experimental framework
by preprocessing the data through entropy balancing to obtain treatment and
control groups with similar distributions and joint distributions of key covariates.
We then use the balanced samples to implement OLS regression analysis and
several robustness checks, including IV regressions, to strengthen the credibility
of our results.
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Figure 2.5: Coefficient size for school type and ability variables compared, for three outcomes.
Estimates from Tables 2.5-2.7.
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Our findings suggest that high-ability schools in selective areas raise school
aspirations and adult wages, while they lower life satisfaction, compared to mixed-
ability schools. Conversely, low-ability schools in selective areas lower school as-
pirations, while they raise adult wages and self-efficacy. We have attempted to
explain this, based on the features of the school system and labour market at
the time. Moreover, we find no long-term direct impact of high- or low-ability
school attendance on other well-being measures, self-assessed health, risk for car-
diovascular disease and risk of chronic stress. As a secondary finding, we note
that childhood cognitive and non-cognitive ability measured prior to secondary
schooling are significantly associated with later health and well-being. Their role
as either direct causal predictor of human capital or mediators between education
and human capital should be the subject of further research to explore the deter-
minants of differences among individual outcomes, which would be informative
for future educational policy.
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Human capital consequences of
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Abstract
What is the value added to human capital by grammar schools? This paper dis-
entangles the effect of selection into an academic rather than a vocational track
from that of individual background on long-term human capital. Identification re-
lies on a fuzzy regression discontinuity design, using entry test scores for selective
secondary schools in England, and estimating discontinuities in school assignment
directly from the data. We find that, for the marginal admitted student, gram-
mar school attendance positively affects educational attainment. This effect is
conditional on having a favourable background, and likely due to higher-ability
peers. Conversely, adult labour market outcomes and health are not affected.
Observed differences in human capital by school type can largely be traced to
social background.
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3.1 Introduction
In 2018, the UK government announced the first £50 million round of a £200
million fund for an expansion in grammar schools, public and selective high-
quality institutions. The move lifted a ban on the creation of selective schools
that had been in place since 1998. Proponents of tracking policies, that allocate
students to different classes or schools on the basis of ability, maintain that they
reward talent regardless of socio-economic background. Opponents, on the other
hand, raise the concern that entry criteria are skewed in favour of children from
affluent backgrounds and children whose ability develops earlier, since they are
disproportionately more likely to do well in entry tests.
Being assigned to a school that selects its pupils on the basis of ability is likely
to affect long-term outcomes by providing a pool of more able peers and better
networks for the future, or through a curriculum with more academic content,
which could facilitate later admission to better higher education programmes
and the development of a broader set of skills. Moreover, there is evidence that
more qualified teachers seek schools with higher ability pupils and that better
resources are allocated to these schools (Levacˇic´ and Marsh, 2007; Pop-Eleches
and Urquiola, 2013). Recognising its relevance to the current policy context, this
paper explores the medium- and long-term effect of going to grammar school,
compared to its main alternative within a selective system, on a broad range of
human capital and health outcomes for individuals of similar prior ability. The
analysis is based on data from the National Child Development Study (NCDS),
a British cohort study of individuals born in March 1958, who started secondary
school in 1969 and whose lives have been followed for 60 years to date.
The literature looking at the effects of selective schooling can be divided into
two main strands. A first set of studies compares selective and non-selective
systems. Some studies in this category, implementing value-added or instrumental
variable approaches to estimate an average treatment effect of selection using
NCDS, find a positive effect of grammar school on educational attainment for
high ability pupils (Galindo-Rueda and Vignoles, 2005; Harmon and Walker,
2000). These studies have been criticised as unable to deal with selection bias by
Manning and Pischke (2006). Other papers have addressed these concerns using
administrative and household panel data to compare selective and non-selective
areas with matching methods, generally finding no difference in average outcomes,
but instead a link between selection and inequality in education and earnings
(Atkinson et al., 2006; Burgess et al., 2017, 2019). The second robust set of
studies on the effect of selective education has estimated a local average treatment
effect for the marginal admitted student, based on regression discontinuity design
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approaches (Clark, 2010; Del Bono and Clark, 2016; Guyon et al., 2012). Due
to data limitations, this second approach has not been implemented before with
English country-wide data.
We use a regression discontinuity design (RDD), based on the fact that admis-
sion to grammar school was determined by whether a pupil scored above the local
education authority (LEA) pass mark in an entry exam, known as 11-plus. As a
proxy for the 11-plus score, we use age 11 cognitive tests collected in the NCDS.
These closely mirror the three components of the 11-plus and are therefore reli-
able predictors of grammar school entry. To overcome the issue of limited data
on entry score cut-offs for all English LEAs in the 1960s, we proxy pass marks
with LEA-specific thresholds estimated directly from the NCDS dataset. Follow-
ing the structural breaks literature (Bai, 1997), in the same spirit as Card et al.
(2008), we select the threshold value that maximises the fit of a model of school
assignment, bootstrapping standard errors to account for possible sampling error.
This approach identifies the medium-term effect on educational attainment and
labour market outcomes, as well as the long-term effect on health and risk of
developing illness up to age 50.
This paper contributes to the literature on the long-term effect of grammar
schools in England in several ways. We are the first to exploit an RDD strategy
to answer this question for all of England. This approach is informative for cur-
rent policy, since an expansion in grammar school places is likely to affect pupils
who were previously on the margin of being admitted. RDD helps us identify the
treatment effect for that specific group. Second, we implement RDD in a context
with limited information, constructing the assignment variables and score cut-offs
from large survey data, in the absence of administrative records. We use several
robustness checks to increase confidence in the estimation strategy, confirming
previous results obtained with other methodologies. Third, we are able to inves-
tigate a broad range of long-term outcomes rather than only educational ones,
including long-term health conditions and disease risk. Moreover, the NCDS
dataset includes high-quality information on individuals’ pre-treatment charac-
teristics, allowing us to analyse background as a competing explanatory variable
and to check similarity of individuals near the threshold. Also, since schools are
surveyed as part of the study, we can explore how specific school features may
explain any effect of school type for long-term outcomes.
For the marginal student, we find a significant and positive effect of grammar
attendance on the probability of achieving A-levels, a secondary academic quali-
fication. However, this effect is conditional on having high socio-economic status
or high parental interest in education. No effect is found on adult labour market
outcomes, health and biomarkers for risk of developing chronic illnesses. This
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result holds both for a standard RDD approach estimated with local polynomial
regressions and when using bias-corrected procedures proposed by Calonico et al.
(2017, 2014a). We also find that peer quality could be a significant mechanism to
attain better educational qualifications, although a large portion of human capi-
tal differences by school type is due to pre-schooling ability and background. Our
work draws from historical data and concludes that pupils who narrowly missed
out on grammar places in the 1960s missed out on marginally higher chances of
better educational attainment, but only if they had a favourable family back-
ground. In order to understand the implications of the 2018 Selective School
Expansion Fund for current generations of pupils, future evaluations will have to
take into account several changes in educational and labour market opportunities
faced by younger generations.
The paper is structured as follows. We describe the context and existing
literature in Section 3.2, while the data is presented in Section 3.3. Section
3.4 discusses the threshold estimation procedure, accompanied by the necessary
conditions for identification and the empirical approach. Section 3.5 presents the
results and robustness checks, followed by an exploratory mechanism analysis in
Section 3.6. Section 3.7 discusses our findings and Section 3.8 concludes.
3.2 Selective schooling and RDD
Grammar schools have been present in England since the 16th Century, but their
formal inclusion in the compulsory state-funded secondary education system dates
back to the 1944 Education Act (Jesson, 2013). The Act established a tripartite
system of secondary schooling, distinguishing between selective grammar schools,
non-selective secondary modern schools and a minority of technical schools. Since
then, admission to grammar schools has been determined by performance in the
11-plus test. Until the 1960s, the vast majority of English children would sit
the 11-plus at the end of primary school, usually in September of their last year.
The exam included language, numerical and reasoning components. It was set
locally by Local Education Authorities (LEAs), and the entry mark depended on
the number of grammar school places in the area. Rather than setting a given
pass score, LEAs usually considered the distribution of scores and then assigned
grammar school places to children scoring in the top tail, so the pass mark var-
ied every year. On average, pupils scoring in the top 25% of the distribution in
their local area were admitted to grammar school (Bolton, 2017). Area-specific
differences in admission included different school capacity constraints, and dif-
ferent policies concerning teacher’s recommendations, distance from the school
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and having other siblings already at the school1. Panels of teachers and LEA
representatives made decisions on where to allocate students. Those who did not
reach the entry score were generally assigned to secondary modern schools, with
a less academic focus2. Parents could subsequently request a different school or
decide to appeal against the panel’s decision if they did not agree with it, but
this was uncommon. Thus, students with similar ability scores could be assigned
to different types of school for two reasons: either because they were close to the
cut-off entry score for their area, or because they were from different areas. To
the extent that scoring slightly above or below the entry cut-off is random, this
paper can isolate the long-term effect of going to grammar school, compared to
just missing out on admission, on a broad range of outcomes.
RDD based on assignment test scores has been a popular approach to esti-
mate the causal effect of higher-quality schools on a variety of outcomes in several
countries (Abdulkadiroglu et al., 2014; Del Bono and Clark, 2016; Dobbie and
Fryer, 2014; Dustmann et al., 2017; Guyon et al., 2012; Kirabo Jackson, 2010;
Pop-Eleches and Urquiola, 2013; see Table B1 for more details). Most studies find
a positive effect of higher-quality schools on measures of educational attainment.
Some however, find no effect (Abdulkadiroglu et al., 2014; Dustmann et al., 2017)
or even a negative effect, as in the case of a Swedish reform that made vocational
education more academic, which was found to increase dropout rates (Hall, 2012).
A highly relevant study by Clark (2010), who implements a regression discontinu-
ity design to investigate the impact of grammar schools on educational outcomes
for Yorkshire, a region in England, finds no effect on educational achievement,
but a positive effect on university enrolment. In a different study, Guyon et al.
(2012) exploit a reform causing an exogenous increase in the number of pupils at-
tending grammar schools in Northern Ireland, and find that average educational
outcomes increased following the reform.
Two more RDD studies stand out in the literature because of their focus on
long-term outcomes other than educational attainment. Dustmann et al. (2017)
study the German secondary school system, exploiting month of birth as a source
of quasi-random variation in track assignment at age 10. They find no effect
on labour market outcomes such as earnings, probability of employment and
occupational choice, and they relate this result to flexibilities in the German
school system, which allow for reallocation of students to a more suitable track
1Similar factors are also described in Clark (2010) and Del Bono and Clark (2016), although
they both rely on assignment scores only to predict admission.
2From 1965 onwards the Circular 10/65 approved by the Labour government encouraged
LEAs to move towards a third type, comprehensive schools, catering for students of all abilities.
This paper focuses on areas that were still largely selective when the data was collected, and
where a large proportion of pupils attending public secondary schools were assigned to either
grammar or secondary modern. See Section 3.5.5 for further discussion.
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at later grades. A second study, by Del Bono and Clark (2016), is the one most
similar to ours, since they investigate long-term effects of elite schools in Scotland,
for children born in the 1950s. In addition to educational and labour market
outcomes, they study effects on fertility. They find a significant and positive effect
on educational outcomes, while they observe higher wages and lower fertility for
girls only. Their RDD strategy exploits information on admission exam scores
(equivalent to the 11-plus), and entry score cut-offs for the city of Aberdeen.
Given the unavailability of such precise information at Local Education Au-
thority level for England, literature on the effects of grammar schools has been
unable to exploit RDD methodologies to answer this question in the English con-
text, except for the study by Clark (2010), which focuses on one region in England
and on education outcomes only. The main challenge in the literature has been
to deal with selection bias, arising from the inability to control exhaustively for
pre-treatment characteristics of treated and control children. Value-added and
instrumental variable approaches, such as those in Galindo-Rueda and Vignoles
(2005), Harmon and Walker (2000), Jesson (2000), and Kerckhoff (1986), have
been criticised by Manning and Pischke (2006) as unable to remove the selection
problem, which was evidenced by a placebo-type test, showing a spurious effect
of type of school on outcomes prior to school.
More recent studies focusing on the English context have tried to overcome
this problem by matching treated and control groups on either individual or local-
area characteristics. Among these, Atkinson et al. (2006) find a positive effect of
grammar on educational outcomes, while Burgess et al. (2017, 2019) find that se-
lection increases educational and earnings inequality. A different approach in an
unpublished paper by Maurin and McNally (2009) looks at the effect of ‘compre-
hensivisation’ of the English secondary school system by comparing individuals
from the same areas, who experienced two different systems because they belong
to two different cohorts. They find a positive effect of grammar education for
affected individuals, but also a positive effect of the transition to comprehensive
schooling on average educational outcomes. Fewer papers have focused on the
health and well-being effects of selective education. Although the raw data shows
better adult health for former grammar pupils, the effect of grammar on health
is mostly not statistically significant when including all relevant pre-treatment
characteristics (Jones et al., 2018, 2012). However, the average could be hid-
ing heterogeneity by ability levels. For instance, the transition to comprehensive
schooling has been found to worsen health and smoking for individuals with lower
non-cognitive skills only (Basu et al., 2018). We now build further on this ev-
idence by looking at human capital for the group of marginal students affected
by the additional places. The effect is policy relevant as it expresses the impact
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of making it into grammar school versus missing out on the marginal place, for
similar levels of initial ability and everything else being equal.
3.3 Data
The NCDS is a longitudinal study of individuals born in the United Kingdom in
a single week in March 1958. 98% of all individuals born in England, Scotland
and Wales during that week were part of the birth survey, making it nationally
representative for that cohort. Following the birth sweep, which contained over
17,000 individuals, surveys were undertaken at ages 7, 11, 16, 23, 33, 42, 45, 50,
55. At the latest sweep the survey still retained over 9,000 individuals (Brown
et al., 2016). For the present study, only English and Welsh individuals were
included in the sample, since Scotland had a different schooling system in place3.
3.3.1 Sample and type of school
Information on grammar school attendance is retrieved from the age 16 wave.
The sample consists of individuals who went to grammar or secondary modern
schools between the ages of 11 and 16, attended by 10% and 20.6% of the NCDS
sample respectively. Information on LEA of school, essential for recreating the
actual peer group of test-takers from NCDS data, was obtained via special licence
access, also from the age 16 wave4. Of the total 18,521 individuals for whom
there is information in the survey, 5,366 were excluded because they did not
have relevant information on school attended, while a further 9,131 individuals
were excluded as they did not attend neither grammar nor secondary modern
school leaving 4,024 individuals. This large drop in the sample is due to the
fact that many areas at the time were already transitioning to a mixed-ability
system following the Circular 10/65, which encouraged LEAs to abolish selection
by ability at the school level. The sample for threshold estimation thus consists
of grammar and secondary modern pupils for whom we also have age 11 cognitive
test scores, which yields 3,448 individuals. Due to the inclusion of covariates, and
to missing items from surveys at different ages, samples for outcome regressions
are always smaller, ranging roughly between 1,450 and 2,800, depending on the
outcome5.
3Just under 3% of the individuals in the sample are Welsh.
4To understand how many individuals may cross the border to go to school in another LEA,
we compare age 16 LEA of school with age 7 LEA of residence. Only 8% of individuals in our
sample are recorded in different LEAs.
5The reason why we do not use the same sample for threshold estimation and estimation
of treatment effect is that a reliable threshold figure needs to capture as much of the actual
test-taking population as possible.
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3.3.2 Ability
The main variable needed for the identification strategy, age 11 cognitive ability
scores, is obtained via principal component analysis (PCA) for the maths, read-
ing and general ability test modules included in the NCDS, following previous
literature (Cawley et al., 1997; Galindo-Rueda and Vignoles, 2005; Jones et al.,
2011). More details on this procedure can be found in Appendix Section A.3.
The cognitive ability index is the first principal component obtained via PCA,
which explains approximately 85% of the total variance in the three test scores.
This approach is preferred to including the three separate scores for two reasons.
First, the test scores are highly related, and including them all would introduce
multicollinearity issues in the estimation procedure, increasing standard errors of
coefficient estimates (Gujarati, 2004). Second, the three scores obtain similar rel-
ative weights for the first principal component obtained via PCA, meaning their
contribution to our index is roughly equal. The 11-plus actual total score was also
an average of similar language, mathematics and reasoning tests, offering further
support to the assumption that our index is a good proxy of 11-plus scores6. 97%
of NCDS children took the NCDS ability tests between April and July of 1969,
thus only a few months after having sat the 11-plus (see Appendix Figure B1).
This is usually taken in September of the last year of primary school, which for
NCDS children would have been 1968-1969. For our empirical application, it is
reassuring that ability tests were still taken in primary school, and not at the
start of secondary school, where tests could be affected by the treatment.
3.3.3 Outcomes
Our broad range of outcomes allows us to build a rounded picture of the conse-
quences of school quality for the individual, covering the education, labour market
and health domains. Education outcomes are binary variables equal to 1 for hav-
ing obtained any A-levels (or equivalent) and having a university degree, asked
at age 23. Labour market outcomes are measured at age 33 and are all retrieved
from survey questions. They include binary variables for being unemployed, re-
ceiving state benefits (excluding child benefits) and gross hourly wage, which is
calculated from weekly hours worked and weekly wages and then log-transformed
for regression analysis. Self-reported health outcomes include age 50 self-assessed
health and low malaise scores, which have been validated as good predictors of
6Similarity of the two tests is also confirmed by comparing the individual tasks. For the
interested reader, we suggest comparing the sweep 2 NCDS ability test, available on the Centre
for Longitudinal Studies website at https://cls.ucl.ac.uk/wp-content/uploads/2017/07/NCDS2-
Guide-to-the-Dataset.pdf, with sample tests in Bristow (2016), containing a range of tests used
from the 1950s onwards.
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physical and mental health respectively (Eriksson et al., 2001; Kaplan and Ca-
macho, 1983; Rodgers et al., 1999). Self-assessed health (SAH) is measured on
a 5-point scale ranging between ‘Excellent’ and ‘Very poor’, and converted to a
binary variable equal to 1 if SAH is ‘Excellent’ of ‘Very good’, and 0 otherwise.
Malaise score is measured via the 9-item Malaise Inventory, developed by Rutter
et al. (1970) (see Appendix Section A.4). In regression analysis, we use a binary
variable equal to 1 for low malaise (score 0-2 out of 9) and 0 otherwise, increasing
in good mental health. We also include the following three biomarkers measured
at age 45, all increasing in the risk of cardiovascular disease and health compli-
cations (Benzeval et al., 2014). Body mass index (BMI) is calculated as weight
in kg divided by squared height in meters, while cholesterol ratio (mmo/L) and
triglyceride levels (mmo/L) are retrieved from blood samples.
3.3.4 Background information
The main advantage of cohort studies such as NCDS, compared to administra-
tive data, is that we can control for specific individual characteristics measured
early on in childhood. We account for childhood non-cognitive skills in all regres-
sions, given their demonstrated importance for long-term outcomes (Kautz et al.,
2014). They are measured at age 11, prior to starting secondary school, by ask-
ing primary school teachers questions on the twelve behavioural dimensions that
are part of the Bristol Social Adjustment Guide (BSAG)7. We then converted
the total BSAG score to a variable bounded between 0 and 1 for convenient in-
terpretation. The vector of covariates further includes sex; mother’s interest in
child education on a 4-point scale and father’s socio-economic status on a 5-point
scale; whether the mother was smoking during the fourth month of pregnancy;
a childhood morbidity index for the cohort member. The morbidity index was
constructed following previous literature, by summarising information on twelve
categories of childhood conditions up to age 7 into a variable bound between 0,
indicating no morbidity, and 1, indicating highest morbidity (Jones et al., 2011;
Power and Elliott, 2006).
3.3.5 Attrition over time
Attrition in the data over time can introduce bias in treatment effect estimation
when it is correlated to specific individual characteristics. In Appendix Table
B2, we compare average characteristics of individuals who dropped out from the
sample to individuals for whom we observe at least one outcome. Approximately
one in six NCDS children attending grammar and secondary modern, for whom we
7More details can be found in Chapter 2 of this thesis and in Shepherd (2013).
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also have age 11 ability scores, drops out from the sample. On average, individuals
who dropped out have lower childhood cognitive skills, and a somewhat less
favourable background in terms of all covariates considered, except for childhood
morbidity, which is similar. However, we argue that attrition does not pose a
large threat to our results. First, since we estimate the effect of grammar around
the cut-off for individuals of similar cognitive ability, individuals who dropped
out of the survey are likely to fall outside of the bandwidth used for treatment
effect estimation. A valid concern could then be that the location of the cut-off
is affected by attrition. As explained in detail in Section 3.4, the location of the
cut-off is estimated including individuals for whom we have information on age
11 ability score and age 16 school type and LEA of residence, but who could
subsequently drop out. We find that the probability of being observed in the age
16 survey is positively correlated with age 11 cognitive ability scores in the total
sample. Since LEA of residence is functional to the definition of the cut-off, and it
is retrieved from the age 16 survey, this means that the sample on which we base
our threshold estimate has higher average cognitive ability than the population of
11-plus test takers8. However, this does not in principle shift the location of the
cut-off, since location depends on an existing (although unknown) discontinuity
in the probability of attending grammar. Finally, it is particularly reassuring that
the probability of dropping out from the sample is smooth around the cut-off, as
shown in Figure B2 and Table B4 in the Appendix.
3.4 Methods
3.4.1 Threshold selection
The threshold for each local education authority, necessary for identification, is
estimated directly from the data. We do not have information on actual grammar
admission marks by LEA, although we can infer them from the ability test scores
of pupils attending grammar and secondary modern schools within each LEA
in the NCDS. Asymptotic theory for estimated discontinuity points comes from
the financial structural breaks literature (Bai, 1997; Bai et al., 1998) and more
recently inference procedures have also been developed for a broader range of
settings (Porter and Yu, 2015). Reassuringly for the present application, the key
finding from this literature is that treatment effect in the RDD can be efficiently
estimated in presence of discontinuity points estimated from the data (Porter
and Yu, 2015). Thus, for each LEA, we first run probit models for grammar
8See Table B3 in the Appendix. We thank an anonymous journal reviewer for suggesting
this check.
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attendance with a single regressor 1[Ai ≥ c]. This is an indicator function for
whether individual i’s ability Ai is equal or greater than a threshold c, for a
pre-specified range of possible thresholds c ∈ [−0.2, 1.5]. A grid search for the
highest log-likelihood achieved by these models for each LEA then yields the
chosen LEA-specific threshold cLEA.
The approach is close in spirit to Card et al. (2008), who look for the presence
of tipping points (i.e. discontinuities) in changes in the share of white population
in US neighbourhoods over time, as a function of share of other minorities. Their
hypothesis is that discontinuities in these changes are located at specific values
of the base-year minority population share. The study analyses a larger sample
than ours, and can therefore estimate the threshold on a subsample of the total
available sample, and then use the estimated tipping point on the remaining
observations, reducing the risk of sampling bias9. Given the smaller sample size in
the present case, we do not split the sample, but we bootstrap the threshold search
procedure, simulating the estimation sample and subsequent threshold search
500 times, and then use bootstrapped standard errors for statistical inference
for the treatment effect estimators. Compared to Card et al. (2008), we have
the advantage that an LEA-specific discontinuity is known to be present in the
school assignment function (since there was a pass mark for grammar school
entry), although its exact location is unobservable to us.
3.4.2 Identification
Identification of treatment effects in the RDD is based on the assumption that
pupils scoring near the LEA-specific pass mark, where the discontinuity is ob-
served, have similar baseline characteristics. If this assumption holds, near this
threshold treatment assignment is as good as random, and differences in long-
term outcomes are caused exclusively by treatment (Lee and Lemieux, 2010).
Estimating the extent to which treatment alone causes these differences yields
a local average treatment effect (LATE) for the group of compliers. These are
the individuals in proximity of the threshold, who are assigned to treatment by
virtue of scoring above the cut-off.
Identification is based on two stages. The first stage models school assignment.
We denote the treatment variable as Gi ∈ {0, 1}, where Gi = 1 indicates grammar
attendance. Following Lee and Lemieux (2010), treatment assignment, which is
assumed to change discontinuously at a LEA-specific cut-off level cLEA of the
9Alongside the ‘structural break’ approach we use, Card et al. (2008) also implement a ‘fixed
point’ method, based on finding the unit root of the polynomial expressing the first stage. Since
we are not working with changes, where zero can be a saddle point in the polynomial function,
but with the probability of attending grammar, this approach is not a viable option here.
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assignment variable Ai, ability test score, is modelled as:
Gi = γ + θ1[Ai ≥ cLEA] + h(Ai − cLEA) + υi, (3.1)
where 1[Ai ≥ c] is the indicator variable for equal or greater than the threshold,
h(.) is a generic function of individual’s distance from the pass mark and υ a
random error term. We expect this function to be non-deterministic, since chil-
dren with the same score may be assigned to different schools. There are at least
two reasons why we see this in this context. First, because of imperfect com-
pliance by the school, due to the fact that 11-plus test scores by themselves did
not grant access to grammar school, but other factors contributed to admission
too, as discussed in Section 3.2. Second, additional fuzziness may be caused by
limitations of the data, as noted by Card and Giuliano (2016) in their analysis
of US school data. Recall that we are using a proxy of actual 11-plus scores,
and children may have performed differently in NCDS tests than in the 11-plus.
Additionally, although we provide evidence in support of the threshold selection
procedure performed, we acknowledge that not observing actual threshold values
may further increase fuzziness in the first stage. In consideration of these char-
acteristics of the treatment assignment function, we rely on a fuzzy RDD, where
the probability of treatment assignment does not jump sharply from 0 to 1 at the
cut-off value of the ability test score Ai, but by a smaller amount, for the reasons
listed.
The second-stage equation characterising the fuzzy RDD can then be ex-
pressed as:
Yi = α + βGi + f(Ai − cLEA) + i. (3.2)
where Yi are human capital outcomes, β the treatment effect of interest, f(.) a
function of distance from the threshold and  a random error term. The vector
of individual-level covariates Xi has been suppressed for ease of notation, but
these are assumed to enter both Equations (3.1) and (3.2). Following previous
literature, we propose an RDD estimator analogous to a Wald estimator in 2SLS
procedures (Hahn et al., 2001; Lee and Lemieux, 2010), so that average treatment
effect is identified by the change in the outcome variable produced by a change
in the assignment variable (i.e. the reduced form), divided by the change in the
first stage, expressing treatment as a function of the assignment variable.
Interpretation of the Wald estimator as an average treatment effect is condi-
tional upon the following assumptions. The first necessary condition is that the
assignment variable cannot be precisely manipulated by the individuals in the
sample. In this setting, we use a proxy for 11-plus test scores. Precise manipula-
tion of the assignment variable seems unlikely, since individuals have no incentive
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to change their NCDS ability score depending on the local area grammar school
pass mark10.
The second necessary condition is that other pre-treatment covariates are
smooth functions of the assignment variable, to rule out that the treatment effect
estimate is confounded by discontinuities in other variables. A first simple check
consists of plotting each covariate against the assignment variable for the whole
sample, to exclude any discontinuities. Secondly, following Card and Giuliano
(2016), we construct an index of all covariates and plot it against the assignment
variable, grouping observations into fixed-size bins. The index consists of the fit-
ted values obtained from regressing each outcome on all pre-treatment covariates.
Any jumps in the plotted index would invalidate unbiasedness of the treatment
effect estimate. Neither the simple covariate plots nor the index graphs contra-
dict the covariate smoothness assumption, further supporting the idea that the
discontinuity in treatment assignment is only caused by the assignment variable
(see Figures B3 and B4 in the Appendix).
Under monotonicity of the instrument (i.e. θ > 0 for all i, or θ < 0 for all
i) and the other verified assumptions (no precise manipulation and smoothness
of covariates as a function of the assignment variable), β in Equation (3.2) can
formally be interpreted as a local average treatment effect (LATE) for individuals
in the proximity of the threshold (Lee and Lemieux, 2010). That is, β = E{Yi(1)−
Yi(0)|Ai = c} , where Yi(1) and Yi(0) denote treated and untreated outcomes
respectively. As specified above, the LATE is calculated for compliers, who are
those individuals who attend grammar rather than secondary modern because
their score allows them to be just above the cut-off for their LEA. Estimating
the long-term effect of grammar attendance for this group is interesting because
it allows us to understand the effect of funding an expansion in grammar school
places, as students on the margin are those who are most likely affected by it. At
the same time, under the stated assumptions, the estimation strategy allows us to
isolate the effect of grammar from pre-schooling ability and other pre-treatment
confounders.
10In standard RDD, a condition for the no precise manipulation assumption is that the
density of the assignment variable should be reasonably smooth around the threshold, routinely
tested via McCrary tests for the assignment variable (McCrary, 2008). The test looks for
discontinuities in the density function of the assignment variable, the absence of which supports
the smooth density assumption. However, in the present case, the test may be inadequate, since
the LEA-specific threshold is estimated based on goodness of fit measured on the available data,
and we would expect this to be reflected in the density function of the constructed assignment
variable. Instead, we check whether our main results are sensitive to excluding a portion of
selected observations around the threshold, an approach known as donut-RDD (Barreca et al.,
2016).
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3.4.3 Implementation
Choice of bandwidth, kernel and polynomial
A way to ensure similarity between treated and control group is to accurately
choose the neighbourhood around the cut-off, from which observations for the es-
timation of β are drawn. Following the RDD literature, we refer to this neighbour-
hood as the bandwidth h (Lee and Lemieux, 2010). The smaller the bandwidth,
the higher the number of observations excluded, and the higher the probability
that the similarity assumption holds for individuals whose assignment variable
lies within [c−h, c+h]. Bandwidth selection then incurs a trade-off between pre-
cision and bias, since larger windows around the cut-off will yield estimates with
lower variance but potentially higher bias (Lee and Lemieux, 2010)11. A popular
approach is to choose the bandwidth that minimises an approximation of the
mean squared error (MSE) of the local linear estimator of β, MSE = (βˆ − β)2
(Calonico et al., 2014a; Imbens and Kalyanaraman, 2012).
While an MSE-optimal bandwidth is generally recommended for its point es-
timator performance, a recent body of literature has shown it is inadequate for
inference procedures (Calonico et al., 2018a, 2017, 2018b, 2014a; Cattaneo and
Vazquez-Bare, 2016). The argument in a nutshell is that in using the estimated
MSE-optimal bandwidth for neighbourhood selection (i.e. [c− hMSE, c+ hMSE])
we are introducing a misspecification bias, but this bias makes inference based on
observations within the neighbourhood and the resulting point estimator invalid
(Cattaneo and Vazquez-Bare, 2016). Since the MSE-optimal bandwidth is usu-
ally too large for inference, one possible approach would be to simply shrink it,
a procedure known as undersmoothing (Cattaneo and Vazquez-Bare, 2016; Mc-
Crary, 2008). Instead, Calonico et al. (2014a) propose a robust bias-correction
procedure (CCT correction from here onwards) for bandwidth selection, which
estimates bias and then adjusts both the regression discontinuity (RD) point es-
timate and variance estimator. The CCT correction allows for robust confidence
intervals, less sensitive to small bandwidth variations and accounting for the vari-
ability introduced when correcting for the estimated bias term in the treatment
11Bias arises because the further from the threshold, the larger the differences between
individuals, not only due to treatment but also due to other confounders.
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effect estimator12. Alongside our main specification, with local regressions imple-
mented using the MSE-optimal bandwidth selection approach, we thus propose
an alternative with CCT bias correction, in order to investigate sensitivity of the
analysis to this procedure13. For a discussion of other possible criteria for band-
width selection, including cross-validation, Fan and Gijbels’ (1996) bandwidth
selector and local randomization neighbourhood selection methods, see Cattaneo
and Vazquez-Bare (2016).
The empirical implementation of RDD further requires kernel functions and
polynomials to be chosen. The kernel function assigns weights to observations
depending on their distance from the threshold, in order to provide optimal treat-
ment effect estimates. While a triangular kernel, assigning highest weight to
observations near the threshold, is intuitively appealing, both Lee and Lemieux
(2010) and Card and Giuliano (2016) find no important efficiency losses from
using uniform kernels. Since uniformity also makes for simpler computation and
interpretation of results, we rely on bandwidth selection to select similar obser-
vations, and use a uniform kernel for the main strategy, thus giving equal weight
to all observations. A second choice is order of polynomial to be used, given
that introducing higher order terms for distance from the cut-off often improves
fit of the first stage regression. However, since recent literature has shown that
regression discontinuity analysis based on high-order polynomials may be mis-
leading (Gelman and Imbens, 2019), we use a 1st-order polynomial, and only
introduce interaction terms between threshold and distance from threshold in the
main specification. This accounts for the intuition that not only the intercept
but also the slope of the average of the dependent variable as a function of the
assignment variable may be different above the threshold14.
12Details on the CCT correction procedure and the theory behind it, including the bias
and standard error estimators, can be found in Calonico et al. (2014a), with a more recent
exposition in Calonico et al. (2018a). An alternative approach to MSE-optimal bandwidth,
introduced by Calonico et al. (2018a), aims at minimizing the coverage error (CE), which
stems from selecting individuals whose characteristics are dissimilar, thus biasing treatment
effect estimates. Cattaneo and Vazquez-Bare (2016) and Calonico et al. (2018a) suggest using
bandwidth hMSE for point estimates, while hCE for more robust confidence intervals, since
generally hMSE > hCE , and estimation based on the latter would lead to too much variability
in the estimate.
13In a recent study, Hyytinen et al. (2018) exploit a feature of the Finnish seat assign-
ment mechanism in local elections to compare standard and CCT-corrected RD estimates to
experimental estimates: they find that CCT correction produces closer estimates to the exper-
imental ones, while the standard procedure based on MSE-minimising bandwidth yields biased
results. While this result is to some extent specific to that context, research practice in RDD
applications is moving towards adopting CCT correction procedures.
14For formal details on the choice of bandwidth, kernel and polynomial and the squared
error minimization procedure with the inclusion of covariates see Calonico et al. (2017, 2018b)
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Empirical specification
The empirical counterparts to Equations (3.1) and (3.2) are then as follows:
Gi = γ + θ0Ti + θ1Di + θ2Di × Ti +X ′iη + υi (3.3)
Yi = α + β0Gi + β1Di + β2Di × Ti +X ′iξ + i, (3.4)
where Ti = 1[Ai ≥ cLEA] is an indicator for above the threshold, Di = (Ai−cLEA)
indicates the distance between the individual’s ability test score in the NCDS
and the LEA-specific threshold, Di × Ti is the interaction between distance and
the discontinuity and Xi is a vector of individual characteristics. We estimate
Equations (3.3) and (3.4) as the first and second stage of a two-stage least squares
regression, with Gi as the endogenous treatment variable, bootstrapped standard
errors clustered at the LEA level, and only on the sample selected by using the
MSE-optimal bandwidth. We present results without bias correction first, and
then with bias correction as a robustness check, following the procedures proposed
by Calonico et al. (2014b).
Finally, we run the analysis adding an interaction term between the treatment
indicator and sex, high father’s SES and high mother interest in child education,
in order to explore heterogeneity in the effect of grammar school. We prefer this
to subsample analysis, given the small sample sizes in our study. We also note
that each interaction term will be endogenous. For the model to be identified,
we thus predict the interaction Grammar×Female with an interaction between
the original discontinuity indicator and sex, expressed as T ×Female, and so on
for the other characteristics.
3.5 Results
3.5.1 Summary statistics
Summary statistics for baseline characteristics and outcomes by type of school for
the whole sample are shown in Table 3.1. Grammar pupils display higher average
cognitive and non-cognitive skills, a higher proportion of female pupils and a
more advantaged parental background than secondary modern pupils, while no
difference is shown in the childhood morbidity of the two groups. Grammar pupils
also display better outcomes in adulthood across all domains considered. They
have a higher chance of getting A-levels (50% vs 3%) and a university degree (31%
vs 2%); they are half as likely to be unemployed or have received state benefits at
33 (excluding child benefits), and they have a higher hourly wage. The long-term
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Table 3.1: Descriptive statistics by secondary school attended
Grammar Secondary modern
Mean s.d. Min Max Mean s.d. Min Max
Baseline characteristics
Cognitive skills 1.80 0.83 -3 4 -0.51 1.27 -4 3
Non-cognitive skills 0.94 0.08 0 1 0.86 0.13 0 1
Female 0.55 0.50 0 1 0.49 0.50 0 1
Mother’s interest 2.70 0.77 1 4 1.88 1.03 1 4
Father’s SES 3.32 0.90 1 5 2.82 0.81 1 5
Mother smoke pregnancy 1.37 0.78 1 4 1.58 0.92 1 4
Child morbidity 0.06 0.03 0 0 0.06 0.04 0 0
Outcomes
Educational attainment
Any A-levels 0.51 0.50 0 1 0.03 0.16 0 1
University degree 0.31 0.46 0 1 0.02 0.14 0 1
Labour market (age 33)
Unemployment 0.02 0.15 0 1 0.04 0.21 0 1
Benefits recipient 0.05 0.22 0 1 0.10 0.30 0 1
Hourly wage 9.35 12.27 0 148 6.57 11.61 0 109
Self-assessed health (age 50)
Exc./very good health 0.62 0.49 0 1 0.50 0.50 0 1
Low malaise 0.81 0.39 0 1 0.77 0.42 0 1
Biomarkers (age 45)
Body Mass Index (BMI) 26.40 4.68 17 51 27.56 5.04 18 52
Cholesterol ratio 3.80 1.14 2 8 4.07 1.18 2 12
Triglycerides 1.87 1.45 0 17 2.17 1.75 0 27
Observations 1160 2288
Mother interest in child education is on a scale from 1-Little interest to 4-Over concerned.
Father’s SES is on a scale from 1-Low to 5-High. Maternal smoking during pregnancy
is on a scale from 1-Non-smoker to 4-Heavy smoker. Healthy ranges for the biomarkers
are: <25 for BMI, <5 for cholesterol ratio, <1.7 for triglycerides (Fuggle, 2018).
health of grammar pupils is also better. At age 50 they are more likely to display
high levels of self-assessed health (SAH) and low levels of malaise. Their risk of
cardiovascular disease and comorbidities at age 45 is also lower, as shown by the
lower average levels of BMI, cholesterol ratio and triglycerides.
As a preliminary analysis, we conduct OLS regressions for each outcome with
the treatment indicator (grammar) as a single regressor first, and then with addi-
tional covariates, estimated on the whole sample of pupils. Table 3.2 shows that
the coefficient for grammar is highly significant for all outcomes, except for the
low malaise dummy. However, in line with expectations, some of this association
is accounted for by adding covariates to the model. The association is explained
mainly by cognitive skills, but also sex, mother’s interest in child education and
father’s socio-economic status (results available on request). The LATE estimate
we present in the next section aims at isolating the effect of grammar for the group
of individuals who are close to the threshold. Focusing on this neighbourhood
helps netting out the effect of cognitive skills and other factors, since in proxim-
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Table 3.2: All outcomes: OLS regressions for whole sample.
A-levels Degree Unemployed On benefits Log wage
Grammar 0.4876∗∗∗ 0.3467∗∗∗ 0.2955∗∗∗ 0.1729∗∗∗ -0.0163∗ 0.0147 -0.0476∗∗∗ -0.0068 0.3300∗∗∗ 0.0600
(0.0137) (0.0190) (0.0130) (0.0179) (0.0079) (0.0112) (0.0106) (0.0149) (0.0316) (0.0403)
Controls No Yes No Yes No Yes No Yes No Yes
F Statistic 1263.121 187.235 519.282 83.124 4.220 4.823 20.056 8.943 108.920 68.119
Observations 2505 2505 2352 2352 2116 2116 2816 2816 1553 1553
High SAH Low malaise BMI Chol Trig
Grammar 0.1238∗∗∗ 0.0197 0.0278 -0.0401 -1.2002∗∗∗ -0.4132 -0.2549∗∗∗ -0.0565 -0.2727∗∗∗ -0.1288
(0.0235) (0.0329) (0.0194) (0.0270) (0.2393) (0.3330) (0.0621) (0.0813) (0.0801) (0.1081)
Controls No Yes No Yes No Yes No Yes No Yes
F Statistic 27.719 8.806 2.047 8.904 25.160 9.958 16.826 38.082 11.584 23.945
Observations 1869 1869 1865 1865 1786 1786 1498 1498 1500 1500
Standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.
∗ p < 0.05, ∗∗∗ p < 0.001
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ity of the threshold these do not vary discontinuously, as shown in Section 3.4.2,
while the probability of treatment does. Table B5 in the Appendix displays mean
and standard deviation of included covariates by type of school, contrasting the
whole sample to the complier group, defined as the sample of observations within
MSE-optimal bandwidths (we illustrate the sample used for A-levels regressions
only). As expected, all covariates are more similar among compliers than in the
whole sample.
3.5.2 Discontinuity in grammar school assignment
Figure 3.1 displays LEA-specific threshold values selected by the threshold search
procedure outlined in Section 3.4.1. Higher estimated thresholds are not neces-
sarily found in areas with the least grammar places. Instead, the location of the
threshold reflects the observed LEA-specific discontinuity, as inferred from the
average ability of grammar pupils from each LEA in our sample. Figure 3.2 plots
grammar attendance in pre-specified bins, for different levels of the distance be-
tween the assignment variable and the LEA-specific cut-off, roughly expressing
the probability of grammar attendance as a function of the distance variable. The
figure shows a jump in the probability of treatment when the assignment variable
is near the threshold, indicated by the dashed vertical line, where Ai− cLEA = 0.
After this threshold, the average probability of treatment increases by approx-
imately 0.4-0.5, and it keeps rising up to 1 for the most able individuals. The
instrument of interest, the indicator variable 1[A ≥ cLEA], is highly predictive
of the first stage and sizeable. Estimating the first stage using each of the 10
outcomes in turn, including all covariates, we find a coefficient on the instrument
pointing to an approximate 0.45 increase in the probability of attending grammar
at the discontinuity, as already shown by graphical evidence for the whole sample
(full results in Table B6 in the Appendix). The distance variable is only signif-
icant when interacted with the threshold indicator, and only for the education
and labour market outcomes and for the malaise indicator. This makes sense,
since below the threshold the probability of attending grammar is close to zero,
regardless of the distance. The probability of attending grammar is also posi-
tively and significantly associated with non-cognitive skills, mother’s interest and
father’s SES for most of the samples considered. Yet, as long as these covariates
are smooth around the threshold, this association does not threaten identification
of the treatment effect of interest.
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Figure 3.1: Threshold values estimated through our “structural breaks” approach, for the
English and Welsh LEAs in the data. The values are expressed in terms of the percentile of the
NCDS cognitive ability distribution that would give access to a grammar school place in 1969.
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Figure 3.2: Scatter graph for probability of grammar school attendance as a function of the
distance Di between the assignment variable Ai and the LEA-specific threshold cLEA. Ob-
servations are grouped in 50 bins, yielding average probability of treatment within the group.
Average bin size is 69 (N=3448).
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3.5.3 Effect of grammar schools for the marginal student
Figure 3.3 shows scatter graphs for each outcome, so that each dot represents
the average outcome for groups of individuals at similar levels of the distance
variable. While all outcomes display a relationship with the assignment variable
in the expected direction, none shows a sharp jump at the threshold value of
zero. The probability of achieving A-levels and a degree display a fairly similar
pattern, increasing steeply and linearly after the threshold15. Most other out-
comes only show an average improvement after the threshold, more evident for
cholesterol ratio, triglycerides and the indicator of excellent or very good SAH,
but no evident discontinuity. In line with this, Appendix Tables B7 and B8, dis-
playing reduced-form regressions for all outcomes, show that the discontinuity in
treatment assignment is only significantly associated with educational outcomes.
Tables 3.3 and 3.4 show LATE estimates for education, labour market and
health outcomes, obtained via estimation of Equations (3.3) and (3.4), estimated
for the sample within MSE-optimal bandwidths, without CCT bias correction.
Standard errors are bootstrapped to account for potential noise in the estimation
of the threshold and clustered at LEA level to account for possible heteroskedas-
ticity across LEAs. All models include all covariates described in Section 3.3.
The difference in total available sample across outcomes depends on missing in-
formation for certain outcomes, and on the fact that MSE-optimal bandwidths
vary for each outcome (Lee and Lemieux, 2010). Grammar attendance alone in-
creases the probability of achieving A-levels by 26 percentage points (p < 0.05)
in the group of compliers. The effect of grammar is significant and positive for
obtaining a university degree only with conventional standard errors (not shown,
p < 0.05), while the larger bootstrapped standard errors return a smaller t-test
result, indicating a statistically insignificant effect (t − test = 1.22, p = 1.776).
For both A-levels and obtaining a university degree, the interaction variable be-
tween distance and threshold indicator is positive and significant. This indicates
a positive change in the slope of the probability of both outcomes as a function
of the ability score after the threshold, already shown in Figure 3.3. This re-
sult is consistent with the fact that grammar schools were the track with highest
academic focus.
The estimated LATE of grammar school for adult labour market, health and
disease risk outcomes is not significant, despite being mostly of the expected
sign. The sign of grammar is negative for the probability of receiving benefits,
cholesterol ratio and triglycerides, while it is positive for hourly wages and self-
15Something similar is observed by Dong (2018) in respect to the data used by Del Bono and
Clark (2016), who also estimate the impact of elite schooling, but in Scotland and on different
outcomes.
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Figure 3.3: Outcomes as a function of distance between the assignment variable and the LEA-
specific threshold, Di = Ai − cLEA. Observations are grouped in 50 bins, yielding average
outcome within the group.
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Table 3.3: Human capital outcomes: local polynomial regressions with pre-selected bandwidth.
(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log wage
Grammar 0.261* 0.146 0.0027 -0.0454 0.0693
(0.127) (0.119) (0.0503) (0.0801) (0.237)
Distance 0.0175 -0.0132 0.0052 0.0090 0.0863
(0.0595) (0.0572) (0.0290) (0.0472) (0.120)
Distance ×1[A ≥ cLEA] 0.136* 0.140** -0.0007 0.0085 -0.0127
(0.0601) (0.0517) (0.0313) (0.0429) (0.108)
Non-cognitive skills 0.0954 0.111 -0.148** -0.191** 0.313+
(0.0769) (0.0676) (0.0447) (0.0610) (0.158)
Female -0.0316* -0.0266* -0.0007 0.0477*** -0.471***
(0.0134) (0.0113) (0.0062) (0.0084) (0.0217)
Mother’s interest 0.0211* 0.0118 0.0018 -0.0076 0.0399+
(0.0094) (0.00731) (0.0040) (0.0059) (0.0216)
Father’s SES 0.0785*** 0.0563*** 0.0019 -0.0091 0.0860***
(0.0081) (0.00846) (0.0040) (0.0061) (0.0136)
Mother smoke preg. -0.0011 -0.00288 0.0096** -0.0065* -0.0131
(0.0051) (0.00452) (0.0028) (0.0032) (0.0111)
Child morbidity -0.323* -0.436*** 0.269*** -0.0549 -1.123***
(0.131) (0.116) (0.0683) (0.0848) (0.257)
Constant -0.277** -0.239** 0.125* 0.292*** 1.494***
(0.0975) (0.0877) (0.0567) (0.0630) (0.229)
First-stage 1[A ≥ cLEA] 0.4637∗∗∗ 0.4535∗∗∗ 0.4361∗∗∗ 0.4444∗∗∗ 0.4507∗∗∗
(0.0340) (0.0344) (0.0402) (0.0310) (0.0514)
First-stage F statistic 185.989 174.073 117.957 205.661 76.830
Observations in bandwidth 1599 1538 1213 1849 791
Total observations available 2505 2352 2116 2816 1553
Bootstrapped standard errors clustered at LEA level in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
assessed health. The grammar coefficient for unemployment is close to 0, while
the one associated to the probability of scoring low malaise is negative. The
interaction between distance and the threshold indicator is significant for BMI
and triglycerides level. As anticipated by the OLS regression tables, other back-
ground covariates play a prominent role in determining a variety of human capital
outcomes. Non-cognitive skills, sex, mother’s interest in child education, father’s
SES and child morbidity index are all significantly associated with some of the
outcomes. Selection effects appear to originate early in utero, supporting the
fetal origins literature (Almond and Currie, 2011): higher frequency of smoking
during pregnancy by the mother shows a positive and significant association with
unemployment in adulthood and triglycerides levels. However, smoking during
pregnancy is also significantly associated with lower probability of being a ben-
efits recipient, lower malaise and lower cholesterol ratio levels. Finally, higher
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Table 3.4: Health outcomes: local polynomial regressions with pre-selected bandwidth.
(6) (7) (8) (9) (10)
High SAH Low malaise BMI Chol Trig
Grammar 0.0454 -0.0750 -0.571 -0.398 -1.020
(0.190) (0.117) (1.735) (0.392) (0.653)
Distance 0.0556 0.0329 1.466 0.203 -1.295**
(0.0988) (0.0696) (1.075) (0.208) (0.360)
Distance ×1[A ≥ cLEA] -0.00267 -0.0502 -2.679* -0.337 1.116**
(0.105) (0.0743) (1.186) (0.234) (0.302)
Non-cognitive skills 0.185 0.107 -1.222 -0.0814 3.074***
(0.136) (0.104) (1.086) (0.227) (0.300)
Female 0.0392+ -0.115*** -0.832*** -0.970*** -0.485***
(0.0210) (0.0128) (0.165) (0.0348) (0.0506)
Mother’s interest 0.0306* 0.00809 -0.249 -0.00497 -0.106
(0.0137) (0.0100) (0.183) (0.0394) (0.0793)
Father’s SES 0.0653*** 0.0139 -0.896*** -0.0731* -0.433***
(0.0153) (0.0101) (0.104) (0.0340) (0.0445)
Mother smoke preg. -0.0152+ -0.0233*** -0.00396 -0.0739* 0.289***
(0.00901) (0.00613) (0.0672) (0.0325) (0.0196)
Child morbidity -0.212 0.312 6.741** 0.477 6.805***
(0.194) (0.208) (1.990) (0.557) (0.589)
Constant 0.111 0.766*** 32.29*** 5.104*** -0.343
(0.204) (0.153) (1.995) (0.504) (2.313)
First-stage 1[A ≥ cLEA] 0.4692∗∗∗ 0.4608∗∗∗ 0.4717∗∗∗ 0.4434∗∗∗ 0.4388∗∗∗
(0.0550) (0.0473) (0.0574) (0.0617) (0.0623)
First-stage F statistic 72.710 95.030 67.538 51.711 50.402
Observations in bandwidth 771 974 716 605 607
Total observations available 1869 1865 1786 1498 1500
Bootstrapped standard errors clustered at LEA level in parentheses.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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childhood morbidity is associated with lower probability of obtaining A-levels
and a degree, higher probability of unemployment and lower hourly wages at 33,
and higher BMI and triglycerides.
Table 3.5 displays results of the fuzzy RDD estimation, implementing the CCT
bias-correction procedure16. Results are fairly consistent with those estimated
without bias correction. The CCT bias-corrected MSE-optimal bandwidths are
generally smaller, except for hourly wage, cholesterol ratio and triglyceride levels.
With the bias-correction procedure, grammar attendance increases the probabil-
ity of obtaining A-levels by 25 percentage points (p < 0.01). Again, the coeffi-
cient for university degree is significant with non-bootstrapped standard errors
(p < 0.05), while it becomes insignificant with the bootstrapping procedure. As
before, the grammar coefficient is not significant for health outcomes and risk
of illness. Discontinuity estimates in the grammar assignment function (first-
stage estimates), at the bottom of each panel, are all highly significant with bias
correction also, offering support to the validity of the study design.
3.5.4 Heterogeneous effects
To explore heterogeneity in the effect of grammar school, we additionally provide
results for the specification with treatment interacted with sex, father’s SES and
mother’s interest in child education, in Tables 3.6 and 3.7. In panel A of Table 3.6,
the grammar coefficient on A-levels is larger than with the pooled sample, and
the coefficient on the interaction Grammar×Female is negative and significant.
Thus, for boys, the base category, attending grammar increases the probability
of achieving any A-levels by 30 percentage points, while the effect is 11 points
lower for girls. Additional heterogeneity analysis is carried out by background
characteristics in panels B and C of Tables 3.6 and 3.7. Grammar attendance
only has a positive effect on probability of achieving A-levels for children whose
father has high SES (18 percentage points increase) and whose mother’s interest
in child education is high (12 percentage points increase). Conversely, the effect of
grammar attendance for the base categories, children with low SES or low mother
interest, is not significant, indicating that grammar school attendance only gives
an educational advantage to advantaged groups. Again, results for health do not
show a significant impact of grammar school, except for cholesterol ratio, which
is significantly and negatively impacted for girls and positively for children with
high mother interest.
To explore heterogeneity in access by individual characteristics, we addition-
ally plot the probability of grammar attendance against ability scores separately
16The CCT bias-corrected estimates are obtained with the ‘rdrobust’ package for Stata
(Calonico et al., 2017, 2014b).
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Table 3.5: All outcomes: bias-corrected model with pre-selected bandwidth.
(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log gross income
Grammar 0.2458** 0.1773 -0.0245 -0.0644 0.1317
(0.0948) (0.1542) (0.0663) (0.1144) (3.2839)
Robust 95% CI [.038 , .401] [.04 , .411] [-.147 , .096] [-.223 , .024] [-.192 , .502]
Bandwidth 1.3036 0.6716 0.8144 1.5038 1.4889
Left of c 622 315 357 818 454
Right of c 741 397 417 916 533
Available obs. 2505 2352 2116 2816 1553
First-stage estimate 0.4579*** 0.4592*** 0.4640*** 0.4492*** 0.4586***
First-stage conv. s.e. (0.0405) (0.0551) (0.0523) (0.0351) (0.0464)
(6) (7) (8) (9) (10)
SAH Malaise BMI Chol Trig
Grammar 0.0574 -0.2175 -1.0928 -0.4546 -0.5793
(0.2407) (0.1584) (2.4020) (0.5542) (0.9435)
Robust 95% CI [-.312 , .374] [-.519 , -.036] [-4.633 , 2.121] [-1.231 , .515] [-1.753 , .901]
Bandwidth 0.7865 0.6958 0.7834 1.1720 1.2202
Left of c 301 261 292 360 379
Right of c 380 339 370 430 452
Available obs. 1869 1865 1786 1498 1500
First-stage estimate 0.4936*** 0.5218*** 0.4835*** 0.4240*** 0.4320***
First-stage conv. s.e. (0.0563) (0.0592) (0.0553) (0.0509) (0.0496)
Bootstrapped standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.
∗∗ p < 0.01, ∗∗∗ p < 0.001,
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for the following subsamples: girls and boys, high and low father SES, high and
low mother interest in child education. Patterns in Appendix Figure B5 are
similar to the first stage for the pooled sample, except for a larger jump at the
threshold for high-SES and high mother interest children. This denotes a higher
probability for these subgroups of being admitted to grammar when scoring at or
just above the threshold, which is consistent with literature showing that pupils
from a more deprived background are under-represented in grammar schools, even
when taking prior ability into account (Andrews et al., 2016; Burgess et al., 2018;
Cribb et al., 2013).
3.5.5 Robustness checks
We include a battery of robustness checks of our approach. We first implement
local polynomial regressions for a placebo cut-off, in order to check that the first
stage is not predictive of grammar attendance at other points of the distribution
of the assignment variable. We run all outcome regressions at a fictional cut-off
of 0.217. Table 3.8 shows that treatment effect estimate is not significant for any
outcomes. Moreover first-stage estimates are not significant either, meaning no
discontinuities are detected at 0.2 in the distance variable. Figure 3.4, plotting the
probability of grammar against ability scores with different placebo thresholds,
also shows that the discontinuity in treatment assignment is not detected once
we move away from the threshold used in the main specification.
As a second robustness check, we re-estimate the model while excluding a
set of observations around the threshold, a procedure known as donut exclu-
sion or donut-RDD. The density of the distance from LEA-specific threshold
Di = Ai−cLEA, in Figure 3.5, presents a concentration of observations around the
threshold, and we attempt to show that our results are not sensitive to excluding
these. MSE-optimal bandwidth selection is operated again after excluding the ob-
servations within 0.8 from the threshold, dropping 4% of observations (n=148)18.
Both the specification with and without CCT bias correction confirm the main
results: A-levels and obtaining a degree are positively and significantly associ-
ated with grammar attendance, and coefficients are slightly larger in magnitude,
which we would expect, since individuals become less similar as we move away
from the threshold (see Table 3.9 in main text and Table B10 in the Appendix).
Confirming previous results, grammar is not significantly associated with labour
17Placebo tests executed with CCT bias correction are presented in Appendix Table B9
18The portion of observations excluded for the donut RDD check is chosen based on excluding
spikes from the density plot. Small variations in the number of observations excluded did not
produce dissimilar results.
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Table 3.6: Human capital outcomes: local polynomial regressions with pre-selected bandwidth
and treatment interacted with individual characteristics.
(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log wage
Panel A: by sex
Grammar 0.319** 0.157 -0.00557 -0.0541 0.0670
(0.125) (0.132) (0.0585) (0.100) (0.230)
Female 0.0191 -0.0172 -0.00722 0.0404* -0.473***
-0.0208 -0.0195 -0.0113 -0.0203 -0.0491
Grammar × Female -0.113** -0.0220 0.0155 0.0169 0.00463
(0.0469) (0.0420) (0.0248) (0.0380) (0.0917)
Distance 0.0212 -0.0123 0.00406 0.00851 0.0860
(0.0522) (0.0612) (0.0300) (0.0622) (0.113)
Distance ×1[Ai ≥ cLEA] 0.128* 0.138*** 0.00138 0.00949 -0.0122
(0.0574) (0.0488) (0.0322) (0.0465) (0.0962)
First-stage F statistic 90.414 79.348 56.148 94.635 36.382
Observations 2505 2352 2116 2816 1553
Panel B: by father’s SES
Grammar 0.192 0.123 -0.00609 -0.0419 0.0621
(-0.132) (-0.129) (-0.057) (-0.0871) (-0.258)
High father’s SES 0.0368** 0.0409*** -0.00302 -0.00695 0.0821**
(0.0103) (0.0100) (0.00617) (0.00785) (0.0185)
Grammar × High father’s SES 0.188*** 0.0701 0.0229 -0.00972 0.0183
(-0.0439 ) (-0.0444) (-0.0212 ) (-0.0293) (-0.0974)
Distance 0.0284 -0.01 0.00635 0.00852 0.0873
(-0.0574 ) (-0.0612) (-0.0298) (-0.0415) (-0.126)
Distance ×1[Ai ≥ cLEA] 0.129+ 0.137*** -0.0011 0.00873 -0.0132
(-0.0701) (-0.0515 ) (-0.0326 ) (-0.0373) (-0.0998)
First-stage F statistic 83.366 75.733 47.674 87.033 29.632
Observations 2505 2352 2116 2816 1553
Panel C: by mother interest
Grammar 0.188 0.137 0.0245 -0.0452 0.14
(-0.16) (-0.136) (-0.0664) (-0.107) (-0.306)
High mother interest 0.00216 0.00827 -0.00282 -0.0146 0.0584*
(0.0114) (0.0104) (0.00679) (0.00880) (0.0289)
Grammar × High mother int. 0.118** 0.0303 -0.023 -0.0217 -0.0567
(-0.0474 ) (-0.0468) (-0.0272) (-0.0394) (-0.113)
Distance 0.024 -0.0115 0.000901 0.014 0.0548
(-0.0708 ) (-0.0574) (-0.0298 ) (-0.0538) (-0.155)
Distance ×1[Ai ≥ cLEA] 0.123+ 0.132* 0.00542 0.0104 0.0143
(-0.0629 ) (-0.0602) (-0.0328) (-0.0492) (-0.122)
First-stage F statistic 86.540 71.907 57.355 92.487 34.788
Observations 2505 2352 2116 2816 1553
Bootstrapped standard errors clustered at LEA level in parentheses. High father SES corresponds
to mid-high or highest. High mother interest corresponds to very interested or over-concerned.
Covariates included and omitted from the table. + p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 3.7: Health outcomes: local polynomial regressions with pre-selected bandwidth and
treatment interacted with individual characteristics.
(6) (7) (8) (9) (10)
High SAH Low malaise BMI Chol Trig
Panel A: by sex
Grammar 0.0724 -0.0320 0.0207 -0.180 -0.731
(0.199) (0.0999) (1.957) (0.446) (0.780)
Female 0.0592 -0.0798** -0.393 -0.817*** -0.871***
(0.0497) (0.0311) (0.408) (0.0801) (0.0907)
Grammar × Female -0.0488 -0.0807 -1.079 -0.391** -0.132
(0.0976) (0.0595) (0.737) (0.164) (0.231)
Distance 0.0571 0.0374 1.496 0.213 0.744*
(0.111) (0.0666) (1.121) (0.233) (0.378)
Distance ×1[Ai ≥ cLEA] -0.00650 -0.0582 -2.749** -0.371 -0.883***
(0.133) (0.0756) (1.129) (0.217) (0.304)
First-stage F statistic 31.708 45.014 29.475 21.954 20.701
Observations 1869 1865 1786 1498 1500
Panel B: by father’s SES
Grammar 0.000674 -0.0854 -0.722 -0.385 -0.843
(-0.236) (-0.136) (-1.668) (-0.459) (-0.616)
High father’s SES 0.0440*** 0.00859 -0.977*** -0.0658+ -0.121***
(0.0127) (0.0143) (0.139) (0.0343) (0.0364)
Grammar × High father’s SES 0.101 0.0242 0.383 -0.035 0.11
(-0.0733) (-0.0503) (-0.622) (-0.138) (-0.189
Distance 0.0647 0.0341 1.507 0.199 0.751**
(-0.124) (-0.0739) (-0.921) (-0.21) (-0.314)
Distance ×1[Ai ≥ cLEA] -0.00565 -0.0493 -2.714** -0.332 -0.886***
(-0.109) (-0.0727) (-1.069) (-0.235) (-0.29)
First-stage F statistic 24.443 35.498 23.238 19.823 18.979
Observations 1869 1865 1786 1498 1500
Panel C: by mother interest
Grammar 0.111 -0.101 -1.2 -0.829+ -1.118
(-0.196) (-0.166) (-1.822) (-0.502) (-0.754)
High mother interest 0.0223 -0.0169 -0.652*** -0.204*** 0.206*
(0.0196) (0.0149) (0.245) (0.0466) (0.105)
Grammar × High mother int. -0.115 0.0672 0.822 0.743*** 0.222
(-0.0716) (-0.0668) (-0.695) (-0.21) (-0.238)
Distance 0.0527 0.0227 1.738 0.286 0.929*
(-0.0965) (-0.0793) (-0.954) (-0.22) (-0.412)
Distance ×1[Ai ≥ cLEA] 0.0208 -0.033 -3.091** -0.526* -1.064***
(-0.121) (-0.0754) (-1.207) (-0.233) (-0.332)
First-stage F statistic 35.311 49.653 28.486 21.657 20.899
Observations 1869 1865 1786 1498 1500
Bootstrapped standard errors clustered at LEA level in parentheses. High father SES corre-
sponds to mid-high or highest. High mother interest corresponds to very interested or over-
concerned. Covariates included and omitted from the table. + p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01,
∗∗∗ p < 0.001
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Figure 3.4: Probability of grammar school attendance as a function of distance from the LEA-
specific threshold, Di = Ai− cLEA, with placebo cut-offs at 0.2, -0.2 and -0.4, and 50 bins. The
scatter points show a sharp discontinuity at 0 and that any other cut-off is unable to account
for that.
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Table 3.8: All outcomes: local polynomial regressions with placebo threshold at 0.2 and pre-selected bandwidth.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
A-levels Degree Unemployed On benefits Log wage High SAH Low malaise BMI Chol Trig
Grammar -1.6035 -17.5806 0.4426 2.0670 -4.8326 2.3686 -17.1055 13.2418 0.0366 -2.5714
(4.3302) (257.3159) (1.5104) (54.9236) (11.1316) (7.1225) (193.0670) (48.5393) (8.0044) (15.3786)
Distance 1.8397 14.7283 -0.3306 -1.7856 4.2230 -2.1994 16.1229 -11.4886 -0.2491 2.8712
(4.0777) (212.9774) (1.1333) (47.8273) (9.3575) (6.1857) (181.3791) (46.5198) (8.0617) (15.3199)
Distance × -1.5142 -9.1050 0.0959 1.0133 -1.4693 1.9408 -15.1432 13.1347 -0.9405 -5.1000
1[A ≥ cLEA] (3.9185) (132.4068) (0.5045) (26.4990) (3.4829) (3.5390) (162.1588) (51.8202) (8.0257) (14.0961)
1[A ≥ cLEA] -0.0384 -0.0050 -0.0321 -0.0031 -0.0416 -0.0316 -0.0088 0.0380 0.0352 0.0316
(0.0824) (0.0739) (0.0648) (0.0816) (0.0928) (0.0862) (0.1013) (0.1045) (0.1135) (0.1148)
First-stage F 0.217 0.005 0.246 0.001 0.201 0.135 0.008 0.132 0.096 0.076
Tot obs. available 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Obs. in bandwith 541 604 736 517 390 448 390 387 318 316
Bandwidth 0.489 0.581 0.621 0.542 0.547 0.526 0.459 0.468 0.452 0.444
Bootstrapped standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.
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Figure 3.5: Histogram illustrating density of distance between the assignment variable and the
LEA-specific threshold, Di = Ai − cLEA.
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Table 3.9: All outcomes: local polynomial regressions with donut exclusion around the threshold and pre-selected bandwidth.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
A-levels Degree Unemployed On benefits Log wage High SAH Low malaise BMI Chol Trig
Grammar 0.3486∗∗ 0.2198∗ 0.0354 -0.1968∗ 0.2118 0.2356 0.1652 -3.2119 -0.3717 -0.2595
(0.1126) (0.0933) (0.0542) (0.0778) (0.1718) (0.1621) (0.1285) (1.7917) (0.3558) (0.4024)
Distance 0.0162 -0.0448 0.0078 0.1776∗∗ -0.0306 0.0655 -0.0847 3.4039∗ -0.0045 0.0796
(0.0792) (0.0595) (0.0378) (0.0591) (0.0906) (0.1103) (0.0730) (1.6050) (0.2405) (0.2718)
Distance ×1[Ai ≥ cLEA] 0.0029 0.1036 -0.0104 -0.1215 0.0277 -0.2522 0.0310 -3.4355 0.0958 -0.0759
(0.0916) (0.0707) (0.0465) (0.0706) (0.1147) (0.1351) (0.0876) (1.9603) (0.2997) (0.3397)
1[Ai ≥ cLEA] 0.4710∗∗∗ 0.4671∗∗∗ 0.4755∗∗∗ 0.4598∗∗∗ 0.4861∗∗∗ 0.4891∗∗∗ 0.4557∗∗∗ 0.5016∗∗∗ 0.5112∗∗∗ 0.5111∗∗∗
(0.0538) (0.0522) (0.0586) (0.0567) (0.0545) (0.0623) (0.0539) (0.0746) (0.0641) (0.0642)
First-stage F 76.630 79.923 65.741 65.671 79.596 61.713 71.535 45.175 63.510 63.344
Tot. obs. available 905.000 941.000 774.000 881.000 774.000 730.000 850.000 536.000 599.000 598.000
Obs. in bandwidth 2393.000 2246.000 2020.000 2691.000 1481.000 1778.000 1774.000 1696.000 1421.000 1422.000
Bandwidth 0.932 1.006 0.902 0.810 1.216 0.948 1.086 0.733 0.992 0.985
Bootstrapped standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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market and health outcomes19.
Thirdly, we show that our approach successfully isolates the effect of grammar
school attendance from that of background, by estimating the effect of the discon-
tinuity in grammar attendance on placebo outcomes prior to secondary school.
This check is in the same spirit as an influential test conducted by Manning and
Pischke (2006), showing that a set of empirical approaches did not deal success-
fully with selection bias, since outcomes prior to secondary school appeared to
be affected by secondary school attendance (see Jones et al., 2018 for more de-
tails)20. We test our approach on maths scores and BMI at age 7. We would
expect outcomes prior to secondary school not to be affected by attendance to a
particular type of secondary school if our approach successfully isolates treatment
effect from other confounders. Manning and Pischke (2006) implemented their
check on age 11 outcomes, while we prefer age 7 outcomes since we use age 11
maths, reading and general ability scores to construct our ability index. Since
the index constitutes the running variable for our RDD, we would expect a signif-
icant relationship with age 11 maths scores purely because of how we construct
our variable. We find that age 7 maths scores are not affected by the disconti-
nuity in grammar attendance, while age 16 scores are, a finding that holds both
with and without CCT bias correction, and in the reduced form equation (see
Table 3.10). This result further increases our confidence that the identification
strategy is correctly isolating the effect of grammar attendance. Neither age 7
nor age 16 BMI is affected by the discontinuity, a finding that is not surprising
given that this and other health outcomes were not found to be affected in our
main specifications either.
A final point on robustness concerns the changing landscape of secondary
schools in the 1960s and 1970s. When NCDS pupils went to secondary school, not
all schools were either grammar or secondary modern. Since 1965, LEAs had been
encouraged to transition to a mixed-ability system, establishing ‘comprehensive’
secondary schools that catered for all abilities. The Circular 10/65, promoting
this move, was issued four years before NCDS cohort members took the 11-
plus, and therefore there were large areas where selection was still in place. Our
analysis focuses on pupils from largely selective areas: the average percentage
of LEA-level comprehensive pupils for the LEAs included in our sample is 25%
against 41% of the total NCDS sample, illustrating still a high degree of selectivity
in our sample, in spite of the reform. As a robustness check, we also repeat our
19An exception is represented by the dummy for benefits recipients, which is negatively
associated to grammar when excluding observations closest to the threshold, although this
effect is partly offset by the positive and significant coefficients of the distance variable and its
interaction with the threshold dummy
20We are grateful to Sandra McNally for suggesting this check.
82
Table 3.10: Falsification test with outcomes prior to secondary school and pre-selected band-
width.
Maths BMI
(1) (2) (3) (4)
Age 7 Age 16 Age 7 Age 16
Reduced-form
1[Ai ≥ cLEA] 0.0172 0.0439∗∗ -0.2020 -0.1564
(0.0181) (0.0158) (0.1735) (0.2505)
Total observations 2707 2707 2259 2259
Observations in bandwidth 1955 1503 1644 1654
Bandwidth 1.848 1.321 1.547 1.852
Without CCT bias correction
Grammar 0.0376 0.1000∗∗ -0.4522 -0.3363
(0.0392) (0.0344) (0.3882) (0.5368)
Total observations 2707 2707 2259 2259
Observations in bandwidth 1955 1503 1644 1654
Bandwidth 1.848 1.321 1.547 1.852
First-stage estimate 0.4577∗∗∗ 0.4387∗∗∗ 0.4468∗∗∗ 0.4651∗∗∗
First-stage s.e. (0.0290) (0.0366) (0.0337) (0.0319)
With CCT bias correction
Grammar 0.0491 0.1242∗∗ -0.4329 -0.6094
(0.0501) (0.0410) (0.4792) (0.7146)
Total observations 2707 2707 2259 2259
Observations in bandwidth 1419 1213 869 1241
Bandwidth 1.2469 1.0388 0.7521 1.2791
First-stage estimate 0.4429∗∗∗ 0.4219∗∗∗ 0.4539∗∗∗ 0.4546∗∗∗
First-stage s.e. 0.0390 0.0428 0.0493 0.0430
Standard errors clustered at LEA level in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
main analysis including an indicator for degree of LEA selectivity, expressed by
percentage of LEA-level comprehensive pupils. This is obtained from the 1971
edition of the Comprehensive School Committee Journal. Including this indicator
does not affect our findings (results available on request).
3.6 Mechanism analysis
Finally, we attempt to unpack treatment effect by testing whether specific at-
tributes of grammar schools lead to more favourable outcomes for grammar pupils.
In the introduction, we mentioned three types of mechanisms, namely peers’ abil-
ity and characteristics, teacher and resource quality, and curriculum. The data
on school attributes is based on the school questionnaire that is part of the age
16 wave of NCDS. Peer ability is measured by looking at percentages of pupils
taking either only GCEs (General Certificate of Education, equivalent to A-levels,
of higher academic value) or only CSEs (Certificate of Secondary Education, of
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lower academic value, not requiring completion of a full standard qualification)21.
To define peer environment, we also take an indicator for whether the school
was single sex. For teaching quality, we construct a variable indicating whether
teachers get any training for career guidance, and the percentage of teachers who
left the school in the previous year. As a proxy of school resources, we define a
binary indicator for whether the school lacks any facilities (including library, sci-
ence labs, sports facilities and other). Lastly, we record weekly hours of English
and Maths for each child.
The exercise is mainly exploratory in nature, since we do not provide a break-
down of the components of the full treatment effect. Rather, we provide a
reduced-form evaluation of the extent to which each mechanism might explain
the long-term effect of a grammar school education. We reproduce the main
RDD analysis, substituting treatment in the first stage with each of the mecha-
nisms of interest in turn. Since each characteristic is highly correlated to school
type, we expect the cut-off for grammar attendance to also be predictive of such
characteristics. We adopt the following two-stage empirical specification:
Mi = pi0 + pi1Ti + pi2Di + pi3Di × Ti +X ′iκ+ υMi (3.5)
Yi = µ0 + µ1Mˆi + µ2Di + µ3Di × Ti +X ′iζ + Mi , (3.6)
In the second stage, we isolate the effect of each proposed mechanism Mi on the
outcomes. Given that each Mi predicted by Equation (3.5) is highly correlated
with the grammar indicator Gi, µ1 can be read as an indirect assessment of the
proportion of the effect of grammar on the outcomes that is explained by Mi, for
the population of compliers.
Summary characteristics for proposed mechanisms by school type are shown
in Table 3.11. In order to apply the RDD procedure as above, we dichotomise all
variables before the analysis. We transform the variables for school peers’ ability,
teachers leaving and hours of English and Maths into binary variables taking value
1 if above the median for the relevant variable, 0 otherwise. Grammar pupils are
twice as likely to attend a school with a high (above NCDS median) share of girls
taking only full GCE qualifications, indicative of higher pupil ability22. On the
other hand, secondary modern pupils are twice as likely as grammar ones to attend
21CSEs were introduced in 1965 in order to provide a certification for students who
were leaving school at 16 without a formal secondary school qualification (see webpages at
https://qualifications.pearson.com).
22The reason why we took share of girls rather than total share of pupils was that figures
for shares of boys and girls were provided separately in the NCDS, and there was no reliable
way to calculate the total share of pupils taking GCEs or CSEs.
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Table 3.11: Descriptive statistics of mechanisms by secondary school attended.
Grammar Sec. modern
Mean s.d. Mean s.d. Min Max
Peers
Above median % girls taking GCE only 0.95 0.22 0.34 0.47 0 1
Above median% girls taking CSE only 0.31 0.46 0.76 0.43 0 1
Single sex 0.68 0.47 0.25 0.44 0 1
Teaching and resources
Teachers get career guidance training 0.85 0.35 0.81 0.39 0 1
Above median % teachers left last year 0.47 0.50 0.52 0.50 0 1
School lacks facilities 0.49 0.50 0.58 0.49 0 1
Curriculum
Above median hrs/week English 0.27 0.44 0.59 0.49 0 1
Above median hrs/week Maths 0.25 0.43 0.46 0.50 0 1
Observations 1160 2288
Source: NCDS wave 3.
a school displaying a high (above NCDS median) proportion of girls taking the
lower CSE qualification. A significantly higher proportion of grammar schools is
single sex. Grammar schools display a slightly higher chance that teachers receive
training in career guidance for their students, a lower probability of being above
the median for proportion of teachers leaving the school and a lower chance that
the school lacks facilities. Finally, average weekly hours of English and Maths are
higher for secondary modern pupils, so they are more likely than grammar to be
above the median for teaching hours. While hours are in principle a good proxy
for school curriculum, these numbers may hide the real quality of the teaching
and content, as well as overlooking the total actual number of hours of academic
study in the two types of school. For this reason, in the following analysis, we
only focus on peers and teaching and resources as possible mechanisms.
Table 3.12 shows results for the mechanism analysis, with MSE-optimal band-
widths. Given that we found a significant effect of grammar on education out-
comes only, it makes sense to focus on these for the mechanism analysis23. Peer
ability is positively linked to both educational outcomes considered. Attending
a school with a proportion of GCE-takers above the median increases the prob-
ability of achieving any A-levels by 42 percentage points and a degree by 25
percentage points (p < 0.01 and p < 0.05). Being in a school with above median
CSE-takers, not requiring completion of the school cycle, is negatively associated
with both A-levels and degree, but the association is only significant for A-levels
(p < 0.01). Single sex schools are also linked to better performance, increasing
the chances of A-levels and a university degree by 68 and 35 percentage points
23Full results for all outcomes available in Appendix Table B11, and results with CCT bias
correction available in Appendix Table B12
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respectively (p < 0.05). The bias-corrected specification confirms these findings,
with same coefficient sign and very similar magnitudes. Additionally, in the bias-
corrected specification only, being in a school with a proportion of teachers leaving
above the median significantly reduces the chances of A-levels and a degree by
approximately 60 percentage points (p < 0.1). When bootstrapping standard
errors to account for potential noise in the threshold estimation procedure, all
the coefficients become insignificant at standard significance levels. However, the
mechanism analysis is still informative, as it points towards an effect of some mea-
sures of peer ability and teaching resources on education outcomes, while it does
not highlight any role of school facilities or specific teachers’ training24. Unfortu-
nately, little information was available on the quality of teaching and academic
content of school curriculum, which remain important channels to consider.
3.7 Discussion
Results indicate that pupils who miss out on grammar school places within the
selective system mainly miss out on higher chances to attain better educational
qualifications. We find a significant effect of grammar attendance on A-levels
across all specifications, while the effect on university degree becomes insignifi-
cant when we account for noise in the location of the threshold by bootstrapping
standard errors. The heterogeneity analysis indicates that grammar is likely to
only improve educational outcomes for pupils of high SES, or whose education
parents are highly interested in. Moreover, the effect on education is larger for
boys compared to girls, a finding that corroborates previous evidence (Del Bono
and Clark, 2016). When isolating its effect from confounders, grammar atten-
dance is not a significant predictor of labour market outcomes, health or risk of
developing illness, compared to attending a non-selective school within the se-
lective system. Raw differences observed in Table 3.1 are largely explained by
background, and become insignificant around the threshold for grammar school
entrance, where ability and other background factors are more homogeneous. As
observed above, in most cases, the sign of the insignificant grammar coefficient is
as expected, and Figure 3.3 suggests that significance of the grammar indicator is
likely to increase as we move away from the threshold, where confounders would
bias the estimate. We additionally note that OLS results in Table 3.2, for the
specification adding controls, are surprisingly similar to those obtained via the
RDD approach. This may suggest that controlling for observed characteristics
24The coefficients for these two mechanisms are larger than 1, and therefore outside the
range expected. We interpret this as showing that these indicators are not picking up the effect
of grammar as intended.
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Table 3.12: Mechanisms: local polynomial regressions with each channel as the treatment
variable and pre-selected bandwidth.
(1) (2)
A-levels Degree
High % girls taking GCE only 0.4172∗∗ 0.2478∗
(0.1331) (0.1101)
First-stage F statistic 41.214 28.683
Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605
High % girls taking CSE only -0.8902∗ -0.5080
(0.4448) (0.2914)
First-stage F statistic 6.374 5.390
Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605
Single sex 0.6837∗ 0.3487∗
(0.2661) (0.1673)
First-stage F statistic 11.212 14.759
Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605
High % teachers left -0.9574 -0.6141
(0.5198) (0.4043)
First-stage F statistic 5.615 4.482
Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605
Teachers get career training -4.1580 -1.7195
(6.2892) (2.2078)
First-stage F statistic 0.457 0.620
Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605
School lacks facilities -3.7742 -1.8606
(6.6113) (2.9943)
First-stage F statistic 0.316 0.406
Obs. in bandwidth 1599 1538
Total obs. 2505 2352
Bandwidth 1.565 1.605
Standard errors clustered at LEA level in parentheses.
∗ p < 0.05, ∗∗ p < 0.01
already isolates the effect of grammar to a reasonably good extent, or that, in
our sample, heterogeneity in observables is relatively low.
The null result may be somewhat more surprising for wages, also given that
grammar is expected to increase the probability of achieving higher educational
qualifications, which should translate into better wages. A possible explanation
for this is that grammar pupils scoring just above the threshold are those who
are least likely to go to university, being of lower ability than the average gram-
mar pupil. Thus, their wage outcomes may end up being as good as those for
87
pupils ranked of highest ability among those completing secondary modern, espe-
cially given that the latter provided a more practical education that could offer a
streamlined way into specific jobs (e.g. well-paid blue-collar occupations, admin-
istrative positions). An alternative explanation for the insignificant coefficient
could be that the sample is too small to yield enough precision in the coefficient
estimate. However, the first interpretation would also be consistent with another
study using NCDS by Brunello and Rocco (2017). They find that for pupils with
“lower” qualifications (approximately 11-12 years of schooling), wages are initially
higher in the short-term for individuals with a vocational qualification compared
to those with an academic qualification, and that this pattern is reversed by age
50. Linking this to our findings, it might be that pupils who make it into grammar
and do not achieve higher qualifications experience a wage disadvantage to start
with, ending up with similar wages to secondary modern pupils at age 33, as the
wage profiles start to overlap. For “higher” qualifications (approximately 14-15
years of schooling), Brunello and Rocco (2017) find no significant differences in
wage profiles by education type over the life-course.
Our evidence corroborates other studies that find significant and positive ef-
fects of higher quality schools on educational outcomes within a selective system,
while not necessarily for labour market or health outcomes. In their study of the
German context, Dustmann et al. (2017) link the lack of an effect of track assign-
ment on education and labour market outcomes to the possibility of switching
tracks in later grades. In the English system this was rarely the case, but we
similarly find that grammar school attendance alone cannot explain differences
in most individual outcomes, except for those directly related to educational at-
tainment. Similar results are also found in the British context by Clark (2010)
and Del Bono and Clark (2016), in the smaller areas of Yorkshire and Aberdeen
respectively. Importantly, since we are estimating a local effect at the threshold,
we might be missing potentially larger effects at other points of the ability dis-
tribution. For instance, grammar attendance could have a larger beneficial effect
on pupils at the top of the distribution. As another example, Basu et al. (2018)
find that the transition from a selective to a mixed-ability schooling system in the
UK had a negative impact on smoking for individuals with lower non-cognitive
ability only.
The advantage of the present paper is that we focus on the portion of the
ability distribution comprising pupils who are most likely to be affected by ad-
ditional grammar school places. We would expect grammar attendance to be a
significant and large predictor of educational attainment for this group, since sec-
ondary modern schools at the time were geared towards vocational professions,
with little or no emphasis on A-levels or higher education. This point deserves
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our attention. Examining the effect of grammar attendance for a cohort born
in 1958 allows us to explore individuals’ life trajectories over an unusually long
period of time, but this also means that the school landscape has changed quite
considerably since. In particular, obtaining A-levels and a university degree is
now more common than it used to be, and grammar schools are not the only
public institutions offering a more academic education. For instance, participa-
tion rates in higher education by age 21 are now just under 50%, compared to
just above 10% in 1980 (Bolton, 2012; Mayhew et al., 2004; UK Department for
Education, 2019b). Given these changes, we acknowledge that the educational
advantage of grammar observed in the 1958 generation may not apply for current
young generations of 11-plus takers.
The first £50 million round of the Selective Schools Expansion Fund an-
nounced in 2018 created 2,700 new grammar school places in 16 schools for the
2019/2020 academic year, and a further one has been announced in 2019 (UK
Department for Education, 2019b). With 163 grammar schools present in Eng-
land at the time of writing, this means that approximately 1 in every 10 grammar
schools was allowed to expand. In judging the potential of this programme to
reward talent rather than background, two key considerations to be made con-
cern who can access grammar schools and what impact they can make. Previous
literature has answered the first question, showing that pupils from privileged
backgrounds are up to 45 percentage points more likely to attend grammar than
pupils from deprived ones (Andrews et al., 2016; Burgess et al., 2018). Address-
ing the second issue, our findings show that past generations of grammar pupils
have benefitted from grammar school attendance only in terms of a higher prob-
ability of attaining A-levels and possibly higher chances of a university degree.
Moreover, we have shown that this effect was likely to apply only to pupils of high
socio-economic status or whose family was highly supportive of their education.
For this group, other measures of long-term human capital and health are to be
linked to early background factors, such as cognitive and non-cognitive skills prior
to secondary school, which remain highly predictive of the outcomes. Our find-
ings are based on the lives of individuals who faced very different circumstances
from current generations of pupils. However, this historical evidence may still
be relevant, since the current expansion policy is likely to affect the intake and
resources of both selective and non-selective schools in selective areas, essentially
bringing back many aspects of the older system. On another note, due to the
nature of the identification strategy, we did not explore the implications of the
policy for pupils who are very far below the threshold, which may shed light on
other important consequences of an expansion in selective school places.
Finally, we acknowledge some limitations of our study. First, sample sizes are
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relatively small, never above 2800 individuals, and by default even smaller within
the bandwidths for LATE estimation. However, it is rare to find such detailed
long-term data, and samples have been particularly small in the literature of
reference in the UK (Burgess et al., 2019; Clark, 2010; Del Bono and Clark,
2016). Second, the number of outcomes surveyed may be a concern due to the
issue of multiple hypothesis testing, by which the statistical probability of finding
one spuriously significant coefficient when using a 5% significance level is P =
1 − (1 − 0.05)10, approximately 40%. If we were to implement a Bonferroni
correction to overcome this problem, we would have to lower the significance
level to 0.005 = 0.05/n, with n = 10 for the number of outcomes surveyed. We
decide against this, given the small working sample, and instead opt to check
the significance of grammar for educational outcomes against several robustness
checks, all corroborating the main result. Third, we recognise that the missing
information on actual LEA pass marks and test scores introduce imprecision in
our estimates. In the absence of this information, we are still able to deliver
a strong first stage in a novel way that stands up to robustness checks, thus
contributing with our piece of work to expanding the empirical literature using
structural breaks as discontinuities for RDD.
3.8 Conclusion
We have provided an empirical investigation of the long-term effects of grammar
school attendance on human capital with a quasi-experimental methodology, ex-
ploiting a discontinuity in the probability of admission and building a novel strat-
egy for threshold estimation from limited information. We offer a contribution
to the body of research informing educational policy-makers on the effects of se-
lective schools as means to tailor school quality to student ability. We conclude
that the marginal student admitted to grammar school in the 1960s did not ben-
efit in terms of long-term human capital accumulation, with the exception of the
direct positive effect on education outcomes, which are conditional on having a
favourable background. A more prominent role in explaining raw differences by
type of school might be played by the child’s cognitive and non-cognitive skills,
and by parental support and socioeconomic background. Further research could
help assess the overall impact of the grammar school system on pupils of all abil-
ities, but we anticipate that the large role played by background characteristics
will persist.
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and non-cognitive skills in adolescence
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Abstract
The adoption of risky behaviours in adolescence can affect individuals for a life-
time, and the household environment may play a large role in determining or
deterring these behaviours. I investigate the effect of birth order on unhealthy
and risky behaviours in adolescence, such as smoking, onset of alcohol drink-
ing, junk food consumption, sedentary behaviour, drug use and skipping school.
Birth order differences in adolescent non-cognitive skills are also examined, as a
complementary explanation of why birth order effects may arise. Using a mother
fixed-effect strategy to account for the endogeneity of fertility decisions and data
from a panel of UK households, I find that later birth order is linked to a higher
probability of engaging in early drinking, drug use and skipping school, and to
lower non-cognitive skills, with some heterogeneity by sex and socio-economic
status. Differences in parental investments and the influence of older siblings
explain part of the observed birth order effects.
Keywords Birth order, risky behaviours, non-cognitive skills, sibling dynamics,
parental investments.
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4.1 Introduction
Are you significantly more likely to smoke, drink heavily and try drugs than
your older brother or sister? Evidence shows that birth order affects individual
outcomes in several domains, including education, cognitive and non-cognitive
skills, earnings, adult health and delinquency (Black et al., 2005; Black et al.,
2016; Black et al., 2018; Breining et al., 2017; de Haan, 2010; Hotz and Pantano,
2015; Lehmann et al., 2018; Pavan, 2016). Generally, findings go in favour of
a positive link between being born earlier and higher human capital1. Most of
this evidence analyses outcomes in either childhood or adulthood, while far less
is known about birth order effects in adolescence. The physical, neurological,
psychological and social changes experienced by adolescents as they transition to
adulthood may result in a higher propensity to take risks, higher vulnerability
to peer pressure and more rebellious attitudes. This may lead to the adoption of
risky behaviours such as smoking, binge drinking and substance abuse at a young
age, thus affecting an individual’s long-term development, and representing a high
cost for the individual as much as for society (Biglan et al., 2004; World Health
Organization, 2017).
Recognising the importance of this key stage of life, this paper investigates
the role of birth order in explaining differences in adolescent unhealthy and risky
behaviours, looking at within-family differences to hold the background environ-
ment constant. The present study also estimates the effect of birth order on
non-cognitive skills. Early non-cognitive skills are known to affect behaviour and
several future outcomes, and therefore this analysis offers further insight on the
role of birth order as a determinant of lifetime human capital (Kautz et al., 2014).
Finally, the rest of the paper examines the role of parental investments and sib-
ling interactions as channels to understand birth order differences in adolescent
risky behaviours and non-cognitive skills.
The main difficulty in identifying the effect of birth order stems from the en-
dogeneity of fertility decisions, since they are not independent from other mother
and family characteristics. For instance, differences in family background can
confound the effect of birth order, if larger families are fundamentally different
from smaller ones. This seems plausible, since fertility is often related to cultural
and socio-economic factors that are likely to affect a range of offspring outcomes.
In order to overcome this problem, I estimate the effect of birth order with a
mother fixed-effect strategy, using data on all siblings aged between 10 and 15
from Understanding Society, the UK household panel study.
1Throughout the paper, born earlier refers to lower birth order (e.g. first child), while born
later refers to higher birth order (e.g. second, third and fourth child).
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The present study contributes to both the literature on birth order effects and
to that on the determinants of risk-taking in adolescence. First, it offers robust
estimates of the association between birth order and six dimensions of risky ado-
lescent behaviour, controlling for family-level unobserved confounders with the
fixed-effect strategy. Second, the rich data allows measurement of rarely observed
predictors of behaviours in adolescence, including individual awareness of the risk-
iness of unhealthy behaviours and non-cognitive skills measured via the Strengths
and Difficulties Questionnaire, a high-quality validated instrument developed for
accurate psychological assessment of children and adolescents. Thirdly, the house-
hold dimension of the dataset allows for a wider exploration of the channels for
birth order effects. In addition to analysing the role of parental investments as
in current literature, I explore how an older sibling’s uptake of a risky behaviour
may affect the younger sibling’s decision to engage in the same behaviour herself.
Lastly, I offer credible evidence on the robustness of the estimates. In addition to
checking that results hold across different specifications, I test for optimal stop-
ping behaviour by parents, to rule out that the outcomes of earlier-born children
affect subsequent parental fertility decisions, which would bias the estimate of
birth order effects.
I find that birth order accounts for differences in adolescent risk-taking. Being
born later is associated with earlier onset of alcohol drinking and a higher proba-
bility of trying illegal drugs and skipping school. Moreover, using a psychometric
instrument, I find that being born later decreases young people’s non-cognitive
skills. The magnitude of these associations is reasonably large when comparing it
to average outcomes for first born or to gender differences. Parental investments
and sibling interaction patterns are shown to account for some of the differences
in risky behaviours and non-cognitive skills by birth order. Thus, the implica-
tions for public policy concern ways to equalise the costs of parental investments
across all children and to incentivise positive peer effects to prevent the uptake
of risky behaviours in adolescence.
The rest of the paper develops as follows. Section 4.2 illustrates previous
related literature and offers a rationale for expecting birth order effects on risk-
taking in adolescence. Section 4.3 presents the methodology and Section 4.4 the
data used. Section 4.5 summarises the main results, followed by an assessment of
heterogeneity of treatment effect. I then analyse the role of parental investments
and sibling interactions as mediators for birth order effects, and implement a final
robustness check of the approach. Finally, results are discussed in Section 4.6,
followed by concluding remarks in Section 4.7.
94
4.2 Birth order effects and human capital
4.2.1 Foundations and existing evidence
Scientific interest for the role of birth order as a determinant of individual out-
comes dates back to the early 1900s, with psychologist Alfred Adler’s (1927)
theories. In economics, the rationale for birth order effects has been formalised
as a quantity-quality tradeoff in fertility decisions, first modelled by Becker (1960)
and Becker and Lewis (1973). In the model, parents choose quantity of children
to maximise their utility function, subject to budget and household production
constraints. Since resources are limited, the relative cost of investing in children
is higher for higher quantities, determining lower average parental investments
for larger family sizes, and consequently lower investments for later born at any
given age. Behrman and Taubman (1986) are among the first to provide an em-
pirical application of a similar model to US data, finding that higher birth order
is negatively correlated to education and earnings.
Several other empirical papers in economics have then estimated the effect of
birth order on a variety of outcomes, with particular attention to the endogeneity
of fertility decisions, and to isolating the effect of birth order from that of family
size. Most recent studies have adopted instrumental variable (IV) or fixed-effect
strategies2. Presence of a twin birth in the family, sex ratio in the sibship or same-
sex composition of the first two births have all been used as IVs for family size, as a
source of exogenous variation in the parents’ decision of having a third child, thus
isolating it from birth order effects (Bagger et al., 2018; Black et al., 2005; Brinch
et al., 2017; Conley and Glauber, 2006; de Haan, 2010; Grinberg, 2015; Kumar,
2016). The main drawback of this approach is that it looks at a local average
treatment effect for compliers, who are families of a specific type (e.g. families
with twins or three children), so the generalisability of its findings is limited. The
fixed-effect specification on the other hand, accounts for family size by netting out
its effect together with all other characteristics that are fixed between siblings.
Studies using mother fixed effects to estimate birth order effects often exploit
large Scandinavian administrative data or US survey data that collect information
on all siblings in a family. Most of these studies focus on education outcomes,
although recently there has been a growing interest for birth order effects on skill
production, infant and adult health and delinquency (Barclay and Kolk, 2017;
Barclay and Myrskyla¨, 2014; Bjo¨rkegren and Svaleryd, 2017; Black et al., 2016;
Black et al., 2018; Breining et al., 2017; Brenøe and Molitor, 2018; Lehmann
et al., 2018; Pavan, 2016). Generally, studies find a negative and significant
2See Appendix Table C12 for a summary of relevant papers.
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relationship between higher birth order and most outcomes3.
The following are the four most relevant studies for the present paper, al-
though only the first three use mother fixed effects. Black et al. (2016) analyse
birth order effects on adult health behaviours and health, with administrative
data from Norway. They find that late born display higher smoking rates and
lower self-assessed physical and mental health, although they score better than
first born on body mass index and other biomarkers. Black et al. (2018) find that
birth order negatively affects adult non-cognitive skills in a sample of Swedish
men examined as part of the military enlistment. Later-born men are also less
likely to be in jobs that require leadership and they score lower in all Big 5 per-
sonality traits. Both cited studies find lower parental investments for higher birth
order children, including behaviours such as smoking during pregnancy, breast-
feeding and help with homework. A similar conclusion is reached by Lehmann
et al. (2018), who use a cohort of children from the US (NLSY-C) to assess birth
order effects on children cognitive and non-cognitive skills, as well as educational
outcomes in adulthood. They find that lower parental investments, measured
as antenatal care, behaviour in pregnancy, breastfeeding and cognitive stimula-
tion, can account for the negative effect of higher birth order on cognitive skills
in childhood, but find no effect on average childhood non-cognitive outcomes.
Finally, Argys et al. (2006) are the only other economic study looking at adoles-
cent risky behaviours. Using NLSY79, a longitudinal study of adolescents from
the US, they find a positive association between higher birth order and smoking,
use of marijuana, alcohol consumption and earlier initiation of sexual behaviour
in adolescence. They estimate OLS regressions with birth order expressed by
a dummy variable for having any older siblings. In the present paper, I use a
fixed-effect strategy, netting out the effect of family size and other family-specific
factors that are constant across groups of siblings. The strategy thus allows for a
more robust estimation of the association between birth order, risky behaviours
and non-cognitive skills for adolescents, a population that has not been examined
before in studies using fixed-effect strategies. Institutionally, the ages considered
correspond to the period going from the end of primary school to the end of
compulsory schooling, covering a key stage of individual development.
3This relationship is inverted in developing countries, as demonstrated by studies on Nigeria,
Brazil, Ecuador and India. An explanation offered for the positive effect of higher birth order
on education, child labour and other outcomes in these contexts is that lower-order children are
more likely to be born when parents have fewer resources, sometimes in their teens and unable
to provide for them appropriately (de Haan, 2010; Emerson and Souza, 2008; Kumar, 2016;
Tenikue´ and Tequame, 2017).
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4.2.2 Rationale for birth order effects on risky behaviours
and non-cognitive skills
When thinking about risky behaviours and non-cognitive skills, it is not clear, a
priori, whether birth order effects should be positive or negative. I focus on two
main mechanisms: parental behaviours and sibling interactions.
Parents may spend more time with earlier-born children because their job re-
sponsibilities early on in their career allow it or because the utility from first-time
parenthood is higher, and thus teach them healthier behaviours. Earlier-born
children generally have parents who are younger at birth, and therefore may have
more energies to invest in their children. However, later born have more expe-
rienced parents, who may be more efficient in transferring important messages
about health behaviours. Similar considerations also hold for non-cognitive skill
production, of which parental investments are a large component (Cunha et al.,
2010; Moroni et al., 2019). In psychology, Blake’s (1981) resource dilution hy-
pothesis expresses the idea that parental resources for each additional child will
decrease, as they are shared among a larger number of children. Price (2008)
finds evidence of resource dilution by showing that, at the same age, first born in
the US receive more parental quality time than second born. Further, Hotz and
Pantano (2015) show that parents are stricter with first-born than later-born chil-
dren, while Pavan (2016) finds that parental behaviours account for between 20%
and 45% of the cognitive skill gap by birth order. Another point concerns biolog-
ical differences by birth order. Studies in the medical literature have shown that
the placenta is more conductive of nutrients after the first pregnancy (Juntunen
et al., 1997; Khong et al., 2003; Wilcox et al., 1996 cited in Black et al., 2018),
and there are studies in economics showing that first born have worse health at
birth than their younger siblings (Bjo¨rkegren and Svaleryd, 2017; Brenøe and
Molitor, 2018). While such biological differences should not in principle affect
risk-taking directly, if first born have worse health in infancy, parents may be
particularly protective of them, and invest more in transferring healthy habits to
them than to later born.
Turning to sibling interactions, if earlier born take care of their younger sib-
lings, they may develop a higher sense of responsibility and be less likely to engage
in risk-taking behaviours. In terms of non-cognitive skills, first born may become
more conscientious and responsive to parental expectations, while later born may
be extraverted and competitive, growing up trying to get parental attention. This
idea is consistent with Sulloway (1996), who proposes a ‘family dynamic model’
in the psychology literature, where siblings compete for parental attention, and
shape their personalities accordingly, often differentiating themselves for this pur-
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pose. In terms of behavioural outcomes, later born may learn by imitation, by
observing and reproducing their older siblings’ behaviours. This mechanism may
explain an earlier uptake of a risky behaviour by later born children, which could
be more damaging to their health if they start at a younger age. In line with
this, Harakeh et al. (2007) show that friends and older siblings influence younger
siblings’ smoking behaviour in adolescence. Secondly, older siblings may affect
younger ones by increasing the information available to them about the riski-
ness of certain behaviours, although the direction of this effect is also unknown.
Thanks to the household-level information, in this paper I can test for birth order
effects on this dimension, by looking at whether older siblings’ behaviour affects
younger children’s’ behaviour and beliefs about risky behaviours.
4.3 Empirical methods
The set of risky behaviours and non-cognitive skills Y are assumed to be the
product of a function Y (B,F,X), where B denotes birth order, F is a vector of
family characteristics that are constant across siblings, including family size, and
X a vector of individual-specific characteristics. The simplest method to look at
the association between birth order and the outcomes consists of running ordinary
least squares (OLS) regressions. In a first specification, birth order is expressed
as a categorical variable Bij for individual i and mother j, taking values from 1
to 4 for each corresponding birth order. Thus, keeping Bij = 1 as base category,
I estimate:
Yij = β1 +
4∑
k=2
βk1(Bij = k) + F
′
ijγ + X
′
ijδ + ij. (4.1)
In Equation (4.1), β1 is a constant and ij an idiosyncratic error term. The
choice of included covariates is a parsimonious set of variables that reflect fam-
ily and individual background. Family characteristics Fij include dummies for
sibship size, mother’s highest qualification, family gross monthly income, an indi-
cator for lone-parent families and dummies for region of residence. The individual
characteristics vector Xij includes sex, an indicator for nonwhite ethnicity, year
of birth (to control for cohort effect), dummies for age at which response was
recorded (to control for variations in behaviour due to age), and mother’s age
when individual was born4. Each βk estimated by OLS yields the association
between being kth-born and the outcome, compared to being a first-born child.
However, the estimated βk is likely to be biased, due to the possible presence of
unobservable traits correlated with birth order, causing cov(Bij, ij) 6= 0. In my
4Several studies include mother’s year of birth, but here it is excluded to avoid perfect
multicollinearity, since Mother’s YOB = Child’s YOB - Mother’s age at birth.
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preferred specification, I include mother fixed effects φj to deal with this bias.
Yij = β
′
1 +
4∑
k=2
βFEk 1(Bij = k) + φj + X
′
ijδ
FE + ′ij. (4.2)
The fixed effect (or within) estimator nets out the family-specific observable
and unobservable characteristics by first demeaning the data, using mean values of
all variables calculated for individuals from the same mother, and then estimating
the resulting equation by pooled OLS (Woolridge, 2013):
Y¨ij =
4∑
k=2
βFEk B¨ij + X¨
′
ijδ
FE + ¨ij, (4.3)
where the demeaned variables are such that Y¨ij = Yij−Y¯j, and Y¯j is the average
Y for all individuals with mother j. When estimating Equation (4.3), all mother-
specific characteristics φj holding constant across siblings are removed
5. Under
the assumption that the mix of genetic and other unobservable characteristics
is randomly assigned among siblings at birth, any residual systematic difference
observed by birth order reflects in principle a pure effect of birth order, expressed
by βFEk . An important exception to this statement is represented by unobserved
circumstances that may systematically affect later born differently from earlier
born. To give a concrete example, take the hypothetical case that parental divorce
always affects later born more severely, since on average they are younger when
they experience it. Then, the βFEk estimate would be confounded by the effect of
experiencing parents’ divorce at an earlier age6. For this reason, I refrain from
claiming causality of βFEk outright, and instead argue for a robust correlation,
showing it holds across a variety of specifications and checks.
I further explore other aspects of the effect of birth order within the family,
by varying the definition of the treatment variable. The first alternative specifi-
cation uses only one indicator for having any older siblings instead of the birth
order dummies. The second one distinguishes between having older siblings of a
different sex, and having older siblings of the same sex, compared to being first
born, in order to look at whether effects of birth order differ by sibship sex com-
5This approach is equivalent to fixed effect estimation on panel data, with mothers as the
N dimension, and the number of children for each mother as the T . The resulting structure
resembles an unbalanced panel. For an unbiased FE estimator in the presence of an unbalanced
panel, attrition should be random, as detailed in Wooldridge (2010). In this scenario, the
different number of observations T for each N is not due to missing data, but to different
numbers of children, which are likely correlated to other mother characteristics. A way to get
around this problem is to estimate the models separately by family size, so that all analysis is
implemented on a balanced panel. Results are qualitatively the same with this approach. See
Appendix Section C.3 for further discussion.
6Results are qualitatively the same when excluding non-cohabiting parents from the sample.
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position. More alternative definitions of birth order and respective results can be
found in Appendix Section C.4.
4.4 Data
The data are from the first eight waves of Understanding Society, the UK longi-
tudinal household panel study started in 2009 with approximately 40,000 house-
holds and repeated annually since, with some attrition in the process (Lynn and
Borkowska, 2018)7. The household feature of the study permits observation of
all individuals residing in the same household at a given point in time, the main
focus being children in the household. All outcomes are taken from questions in
the Young Person element of the survey, administered to all individuals in the
household aged between 10 and 158. The total sample of included individuals
amounts to N=10, 132, although samples included for each outcome vary, due to
missing data items.
4.4.1 Birth order and sibship
The analysis focuses on families where I observe at least two siblings born from the
same mother, which is central for the fixed effects strategy. I thus exclude 1,016
households with one child, while households with twins are excluded to avoid
confusion over birth order classification, leaving out a further 327 individuals. I
also exclude adopted and foster children and limit the sample to families of at
most four children, to ensure similarity and large enough sample sizes. The birth
order variable is constructed from information on all natural children had by a
mother and their year of birth9. Of the total 10,132, 40.9% are first born, 38.8%
are second born, 15.8% are third born and 4.5% are fourth born. A variable for
sibship size is similarly constructed, including all siblings from the same mother,
including those not living in the household at the time of the survey.
Table 4.1 shows descriptive statistics by birth order. The proportion of girls
is constant across birth order, and average birth year is between 1996 and 1997.
First and second born present similar percentages of non-white children, roughly
7Attrition is only a problem for the estimates if the probability of observing younger children
in the survey is correlated with other household or child characteristics. For example, if poorer
families are more likely to drop out, I may not observe their later born, and therefore results
would only hold for the sample of wealthier families. See Appendix Section C.3 for more details
on ‘unbalanced’ households.
8More information on the survey design and fieldwork can be found at
https://www.understandingsociety.ac.uk/documentation/mainstage/technical-reports.
9Even if not all siblings from the same mother are subsequently observed in the survey, an
individual can be included in the sample as long as at least another sibling sharing the same
mother completes the individual questionnaire.
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Table 4.1: Descriptive statistics of background characteristics by birth order for individuals
aged 10-15.
1st born 2nd born 3rd born 4th born
Female 0.493 0.497 0.495 0.457
(0.500) (0.500) (0.500) (0.499)
Birth year 1996.6 1996.9 1996.9 1996.7
(4.859) (4.804) (4.851) (4.702)
Not white 0.258 0.235 0.276 0.313
(0.438) (0.424) (0.447) (0.464)
Sibship size 2.507 2.554 3.253 3.911
0.681 0.697 0.502 0.299
Years from closest older sibling . 3.647 4.289 4.098
(.) (2.729) (3.378) (3.129)
Years from eldest sibling . 3.647 7.418 10.27
(.) (2.729) (4.116) (4.243)
Mother’s age at birth 26.16 29.39 31.49 33.02
(5.140) (5.043) (4.996) (4.756)
Mother’s birth year 1970.4 1967.5 1965.5 1963.7
(6.637) (6.381) (6.425) (6.265)
Mother’s education
No qualification 0.091 0.101 0.180 0.243
Lower qualification 0.074 0.092 0.119 0.127
GCSE 0.266 0.264 0.247 0.237
A-level 0.188 0.177 0.145 0.154
Non-degree higher qualification 0.154 0.161 0.144 0.121
Degree 0.226 0.206 0.164 0.119
Gross HH monthly income 3718.9 3894.7 3797.1 3699.5
(2512.8) (2656.4) (2773.7) (2651.4)
Lone parent HH 0.207 0.197 0.202 0.210
(0.405) (0.398) (0.402) (0.408)
Observations 4149 3927 1603 453
Mean values; standard deviation in parentheses
around a quarter, while this proportion rises to 30% for fourth born. Average
sibship size and distance in years from the next older as well as the eldest sibling
increase gradually for later-born children, and so does average mother’s age at
birth10.
4.4.2 Household background
Household characteristics to be included as regressors are mother’s age at birth, as
well as her highest educational qualification recorded in the first survey response.
Family’s gross monthly income is based on household income in the previous
month. Approximately 20% of households are lone parent households, defined
10Median distance between siblings in years is somewhat lower. The median from the closest
older sibling is 3 years for all categories, while median values for years from eldest sibling are
3, 6, and 9 for 2nd, 3rd and 4th born respectively.
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as households where there is only one parent living without a partner with their
dependent children11. Region of residence is also included as a regressor, and it
is one of 12 government office regions. Fewer than 2% households in the sample
move region over the survey period, and therefore this is taken as a time-constant
characteristic. Table 4.1 shows that mothers of later-born children are less edu-
cated on average. Average gross household monthly income, on the other hand,
is highest for second-born children, and it declines later for third and fourth born.
This may reflect that parents earn more as they age, but this may be reversed in
larger families if parents are less educated on average or if they decide to work
fewer hours to look after their children. As expected, differences in background
characteristics by birth order suggest that selection bias due to observables (and
potentially unobservables) is likely to be a problem in this setting.
4.4.3 Parental investments
Understanding Society contains information on several measures of parental be-
haviour, useful to explore the sources of birth order effects. The survey provides
both information on whether the mother ever breastfed the baby, and for how
long, recalled by the mother in the first wave for each child. Based on this infor-
mation, I construct a variable counting how many months the child was breastfed
for. Additional information on parental investment was retrieved from the child’s
response to the Young Person questionnaire. This includes whether the child feels
their parents are interested in how they do at school; whether their parents help
them with their homework; whether the child always feels supported by their
family; and whether they turn to their parents first when upset12. Parental in-
vestments are shown to vary by birth order in Table 4.2. First-born children are
most likely to have been breastfed at all and for longer, and second-born least
likely. It should be noted that larger families may have different practices and this
may be why the averages are higher for third- and fourth-born children. Parental
interest in school as well as the probabilities of parents helping with homework,
feeling supported by one’s family and talking to one’s parents when upset are
highest for first born and decline with birth order.
11Results are the same if the analysis is conducted excluding lone parent households.
12These questions are also asked directly to parents about all their children, although the
questions do not differentiate between each child. This means that the adult survey cannot
capture potential variation in parental investment across different children.
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Table 4.2: Descriptive statistics of parental investments by birth order.
1st born 2nd born 3rd born 4th born
Was breastfed 0.664 0.613 0.649 0.630
(0.473) (0.488) (0.478) (0.486)
Months was breastfed for 4.669 4.162 3.912 5.001
(6.653) (6.334) (5.926) (6.468)
Parents interested in school 0.839 0.808 0.807 0.837
(0.368) (0.394) (0.395) (0.370)
Parents help with homework 0.867 0.807 0.761 0.661
(0.340) (0.395) (0.427) (0.475)
Always feels supported by family 0.800 0.778 0.766 0.748
(0.400) (0.415) (0.424) (0.435)
Talks to parents when upset 0.827 0.714 0.647 0.585
(0.379) (0.452) (0.478) (0.494)
Observations 4149 3927 1603 453
Mean values; standard deviation in parentheses
4.4.4 Outcomes
Outcomes of interest are risky behaviours and non-cognitive skills. Responses
are recorded at the most recent available wave for each individual, and age at
response is also recorded, to control for differences in outcomes driven by age.
Behaviours
I select the following indicators of unhealthy risky behaviours: whether the indi-
vidual ever smokes cigarettes at all, age of first alcoholic drink, number of days
the child has junk food weekly (“eat crisps or sweets or have fizzy drinks such as
Coke or lemonade”), and times a week the individual “plays sports, does aerobics
or does some other keep fit activity”. This variable is recoded so it is increasing in
sedentary behaviour. I also include binary indicators for having tried any illegal
drugs and having played truant at (i.e. skipped) school in the last 12 months.
Table 4.3 shows that behaviours vary by birth order category. On average,
second-, third- and fourth-born children are more likely to smoke, and to start
drinking earlier (about 0.2 of a year, or almost 2 and a half months), compared to
first born. The diet variable is coded as a dummy variable, taking value 1 if the
child says they have crisps, sweets or fizzy drinks almost everyday or more, and 0
otherwise. Later-born children display a higher probability of having unhealthy
diets compared to first born. Exercise patterns do not show clear differences
between first and second born, while third and fourth born do less weekly exercise
on average. Children are more likely to have tried illegal drugs and to have played
truant at school in the last 12 months if they are not first born.
103
Table 4.3: Descriptive statistics of outcomes by birth order for individuals aged 10-15.
1st born 2nd born 3rd born 4th born
Behaviours
Smokes 0.0195 0.0244 0.0268 0.0221
(0.138) (0.154) (0.162) (0.147)
Age started drinking (years) 14.56 14.36 14.31 14.40
(3.444) (3.475) (3.461) (3.377)
Regularly eats junk food 0.411 0.444 0.458 0.455
(0.492) (0.497) (0.498) (0.499)
Exercise (times/week)
Everyday 0.1809 0.1679 0.1609 0.1763
4 or 5 0.1657 0.1797 0.1468 0.1492
3 or 4 0.2893 0.3011 0.3067 0.2949
1 or 2 0.2579 0.2535 0.2625 0.2847
Less than 1 0.0637 0.0586 0.0753 0.0475
Never 0.0425 0.0392 0.048 0.0475
Ever tried illegal drugs 0.0296 0.0458 0.0463 0.0398
(0.170) (0.209) (0.210) (0.196)
Play truant 0.0975 0.112 0.127 0.0918
(0.297) (0.316) (0.333) (0.289)
Non-cognitive skills
SDQ prosocial score (0-10) 7.717 7.588 7.553 7.621
(1.824) (1.875) (1.891) (1.792)
SDQ internalising score (0-20) 4.577 4.574 4.685 4.554
(3.227) (3.232) (3.279) (3.173)
SDQ externalising score (0-20) 5.870 6.168 6.274 6.086
(3.551) (3.569) (3.678) (3.405)
Observations 4149 3927 1603 453
Mean values; standard deviation in parentheses
Non-cognitive skills
Non-cognitive skills are assessed via the Strengths and Difficulties Questionnaire
(SDQ) in the Young Person survey. Developed by psychiatrist Robert Good-
man, the self-reported version of the questionnaire is appropriate for behavioural
screening of children and adolescents (Goodman et al., 1998). The questionnaire
includes 25 attributes grouped under five different categories (see Appendix Sec-
tion C.2). For each attribute, children could pick “Not true”, “Somewhat true”
or “Certainly true” (scoring 0, 1 or 2), depending on how closely they felt the
attribute applied to them. In populations at low risk of severe behavioural dis-
orders, a three-part classification of the SDQ score is recommended (Goodman
et al., 2010). The first category, prosocial behaviour, constitutes an outcome on
its own, ranging from 0 to 10, and it is decreasing in behavioural problems and
increasing in non-cognitive skills. Questions falling under the emotional symp-
toms and peer problem subcategories are incorporated into an internalising score,
expressing internal problems and negative feelings such as anxiety and depres-
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sion. Finally, the scores for conduct problems and hyperactivity/inattention are
combined into an externalising score, expressing instead external shows of hos-
tility, antisocial behaviour and aggression (American Psychological Association,
2018). Both internalising and externalising scores range from 0 to 20, and they
are increasing in behavioural problems and decreasing in non-cognitive skills13.
As shown in Table 4.3, average prosocial score decreases with higher birth or-
der, indicating lower non-cognitive skills, although it increases slightly for fourth
born. Internalising and externalising scores increase gradually for higher birth
order, similarly indicating lower non-cognitive skills for later birth order, with
the only exception of fourth born.
4.5 Results
4.5.1 Effect of birth order
Table 4.4 shows the effect of birth order for all behavioural outcomes considered.
For each outcome, the first column displays OLS regression results, controlling for
all covariates, while the second column includes mother fixed effects. Standard
errors are clustered at the mother’s level, while age and birth year are included as
dummies to flexibly allow for nonlinearities in the relationship with the outcomes.
Regressions for binary outcomes (smokes, regular junk food consumption, tried
drugs, play truant) are estimated via linear probability models, to avoid the
bias of maximum likelihood estimators based on probit models in the presence
of fixed effects (Greene, 2004)14. All behavioural outcomes display a significant
association with birth order when estimated via OLS regressions in panel A, the
base category being first-born children. Later born are more likely to smoke and
start drinking earlier, to consume more junk food, to have tried illegal drugs and
played truant in the last 12 months. Mostly, the magnitude of the coefficient
increases as birth order increases, as well as the associated standard error.
The OLS associations are confirmed by the fixed-effect specification, with the
exception of smoking, junk food and sedentary behaviours. The fixed-effect coef-
ficients are larger, but so are the standard errors. Compared to first born, age at
first drink decreases by between 20% and 80% of a year for later born, correspond-
ing roughly to 2.5-9.5 months earlier, with coefficients increasing in magnitude
13Using the alternative SDQ classification into prosocial and difficulty scores yields similar
results across all the analysis. The difficulty score is given by the sum of internalising and
externalising scores.
14More recent developments in the literature are using bias correction methods to deal with
this problem in large samples (Cruz-Gonzalez et al., 2017; Ferna´ndez-Val and Weidner, 2016).
In the present context, the parsimonious and still informative approach of a linear probability
model is preferred, although using probit and ordered probit models gives very similar results.
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Table 4.4: Birth order and risky behaviours
Smokes Age started drinking Junk food Tried drugs Play truant Sedentary behaviour
Panel A
Second child 0.0187* 0.0134 -0.1109** -0.2638*** 0.0606*** 0.0246 0.0177** 0.0322** 0.0216* 0.0441** -0.0201 -0.1632*
(0.0077) (0.0186) (0.0406) (0.0741) (0.0138) (0.0265) (0.0060) (0.0124) (0.0084) (0.0164) (0.0348) (0.0665)
Third child 0.0311* 0.0037 -0.2067** -0.5003*** 0.0986*** 0.0328 0.0216* 0.0521* 0.0222 0.0634* +0.0660 -0.2131
(0.0124) (0.0337) (0.0668) (0.1437) (0.0221) (0.0502) (0.0092) (0.0213) (0.0136) (0.0297) (0.0574) (0.1339)
Fourth child 0.0325 -0.0171 -0.3663*** -0.8760*** 0.1092** 0.0298 0.0176 0.0678 -0.0035 0.0847 -0.0593 -0.2671
(0.0215) (0.0586) (0.1054) (0.2248) (0.0380) (0.0772) (0.0169) (0.0381) (0.0211) (0.0455) (0.0932) (0.2065)
Female 0.0015 0.0054 0.0149 0.0501 -0.0314* -0.0409* -0.0130* -0.0188* -0.0066 -0.0065 0.4922*** 0.4567***
(0.0071) (0.0121) (0.0363) (0.0598) (0.0126) (0.0190) (0.0054) (0.0083) (0.0074) (0.0115) (0.0320) (0.0510)
Panel B
Any older siblings 0.0206** 0.0198 -0.1281** -0.1402* 0.0668*** 0.0222 0.0183** 0.0234* 0.0214** 0.0350* -0.0071 -0.1398*
(0.0075) (0.0149) (0.0408) (0.0653) (0.0136) (0.0228) (0.0058) (0.0106) (0.0082) (0.0144) (0.0344) (0.0560)
Female 0.0013 0.0056 0.0168 0.0573 -0.0316* -0.0409* -0.0130* -0.0189* -0.0065 -0.0069 0.4925*** 0.4577***
(0.0071) (0.0120) (0.0362) (0.0596) (0.0126) (0.0190) (0.0054) (0.0083) (0.0074) (0.0115) (0.0320) (0.0510)
Panel C
Older sib, diff sex 0.0218* 0.0250 -0.1068* -0.1151 0.0714*** 0.0279 0.0194** 0.0268* 0.0206* 0.0388* -0.0602 -0.1798**
(0.0091) (0.0166) (0.0468) (0.0712) (0.0161) (0.0244) (0.0072) (0.0119) (0.0097) (0.0153) (0.0406) (0.0624)
Older sib, same sex 0.0196* 0.0115 -0.1474** -0.1795* 0.0627*** 0.0140 0.0173** 0.0185 0.0221* 0.0293+ 0.0390 -0.0831
(0.0087) (0.0159) (0.0466) (0.0752) (0.0157) (0.0265) (0.0066) (0.0115) (0.0094) (0.0167) (0.0392) (0.0629)
Female 0.0013 0.0054 0.0163 0.0573 -0.0317* -0.0410* -0.0130* -0.0188* -0.0065 -0.0068 0.4937*** 0.4574***
(0.0071) (0.0121) (0.0362) (0.0595) (0.0126) (0.0190) (0.0054) (0.0083) (0.0074) (0.0115) (0.0320) (0.0510)
Fixed effects No Yes No Yes No Yes No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 4076 4076 6120 6120 6201 6201 5185 5185 6927 6927 6593 6593
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 4.5: Birth order and non-cognitive skills
SDQ Prosocial SDQ Interalising SDQ Externalising
Panel A
Second child -0.1396** -0.1272 0.0251 0.1423 0.5004*** 0.7679***
(0.0512) (0.1022) (0.0895) (0.1775) (0.0993) (0.1913)
Third child -0.0291 -0.0003 0.0480 0.4758 0.5815*** 1.1530**
(0.0828) (0.1979) (0.1446) (0.3505) (0.1642) (0.3626)
Fourth child 0.2501+ -0.0170 -0.0795 0.3509 0.5049+ 1.6557**
(0.1336) (0.3123) (0.2403) (0.5560) (0.2612) (0.5630)
Female 0.8476*** 0.9481*** 1.0813*** 1.0550*** -0.6990*** -1.1085***
(0.0459) (0.0740) (0.0805) (0.1222) (0.0893) (0.1380)
Panel B
Any older siblings -0.1188* -0.1676+ 0.0274 0.0476 0.5127*** 0.5678***
(0.0502) (0.0861) (0.0882) (0.1461) (0.0981) (0.1656)
Female 0.8455*** 0.9471*** 1.0820*** 1.0537*** -0.6988*** -1.1189***
(0.0459) (0.0739) (0.0804) (0.1221) (0.0893) (0.1383)
Panel C
Older sib, diff sex -0.1393* -0.1905* 0.0535 0.0808 0.5767*** 0.6332***
(0.0593) (0.0939) (0.1028) (0.1559) (0.1140) (0.1767)
Older sib, same sex -0.1007+ -0.1341 0.0045 -0.0011 0.4564*** 0.4727*
(0.0580) (0.0991) (0.1024) (0.1722) (0.1143) (0.1953)
Female 0.8460*** 0.9473*** 1.0814*** 1.0533*** -0.7002*** -1.1198***
(0.0459) (0.0739) (0.0805) (0.1221) (0.0893) (0.1383)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 6219 6219 6212 6212 6214 6214
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
with later birth order. Being born later also increases the probability of having
tried any illegal drugs, by between 3 and 6 percentage points, relative to the 3%
mean for first born, and the probability of having played truant at school by
between 4 and 8 percentage points, relative to a first born average of 9.8%. The
fixed-effect results also indicate that second-born children engage in more weekly
exercise than first born, but this relationship is not confirmed with later birth
orders. Given that the association of birth order with smoking and junk food
consumption disappears after introducing fixed effects, other family characteris-
tics may account for most of the observed correlation between being born later
and engaging in smoking and unhealthy diets. These could be observed, such as
family size or socio-economic status, but also family-specific unobservables.
Table 4.4 also displays results with two alternative treatments in panels B and
C. One is a binary indicator for having any older siblings; the other explores sex
composition, with indicators reporting whether the individual has any older sib-
lings of a different or same sex to their own, the base category still being first born.
Estimates mostly confirm results from the main specification, uncovering some
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further information on birth order effects. Coefficients are sizeable and significant
for drinking age, drugs, playing truant and sedentary behaviour. However, while
for drinking age the effect is driven by children whose older siblings are of the
same sex, for the other three behaviours the effect is stronger for children whose
older siblings are of the opposite sex.
Table 4.5 shows the effects of birth order on the three non-cognitive skills
measures in adolescence. In panel A, the OLS specification shows a significant
association between being born second and lower prosocial score (i.e. lower non-
cognitive skills), but this is not significant in the fixed-effect specification. Fur-
ther, no significant effect of birth order is observed on internalising score. On
the other hand, compared to first born, being born second, third or fourth signif-
icantly increases the SDQ externalising score, decreasing in non-cognitive skills.
Again, coefficients are mostly larger in the fixed-effect specification, which may
indicate that family-constant characteristics bias the effect of birth order on the
externalising score towards zero, but standard errors are also larger. The effect
ranges between an increase by 0.8 points (for second born) up to more than 1.6
points, relative to a mean of 5.9 for first born. Table 4.5 also displays results
with the alternative definitions of birth order, in panels B and C. The effect of
being born later on prosocial score is negative and now statistically significant,
even when including fixed effects. The coefficient has a magnitude of roughly 0.2
points and the association is driven by children whose older siblings are of the
opposite sex. Again, there is no significant effect on internalising score, while
externalising score is significantly and positively affected by birth order15.
An indicator for female is displayed in all regressions for comparison purposes.
Junk food consumption, exercise levels and the probability of trying illegal drugs
are significantly lower for girls than boys. For instance, the association between
birth order and trying drugs in adolescence is twice as large as that of sex and
trying drugs. Girls also display higher prosocial and internalising score than
boys, but lower externalising score. For externalising score, being a girl offsets
the negative effect of being born later on non-cognitive skills (the magnitude of
the association is twice as large).
Finally, to explore the components of family fixed effects, I regress the pre-
dicted fixed-effect term from Equation (4.2) on all included family characteristics,
for each of the nine outcomes. Results, available in Tables C1 and C2 in the Ap-
pendix, show that some observed characteristics are important, although for most
outcomes the constant term is highly significant, meaning that a large portion of
15When estimating the same models separately by family size, sample size shrinks con-
siderably and estimates are less precise, but the main results hold and coefficients maintain
significance at the conventional levels.
108
characteristics accounting for fixed effects is unobserved.
4.5.2 Heterogeneity analysis
To relax the assumption of a constant average effect of birth order for all in-
dividuals, I conduct a heterogeneity analysis, focusing on a set of background
characteristics expected to shift treatment effect. The four different sources of
heterogeneity evaluated are sex and ethnicity of the child, mother’s education
and family income. This analysis is particularly useful if birth order effects act
in opposite directions for different subgroups of the population. I thus allow for
different production functions by repeating estimation separately for each pair of
subgroups, for all outcomes. Subgroup pairs are girls versus boys, white versus
non-white, those having a mother with a degree versus without a degree, those
whose family income is above the median versus below median.
Results are displayed in Figures 4.1-4.4. When grouping individuals and es-
timating regressions separately by sex, it is evident that the effect of birth order
is driven by boys. This is especially the case for smoking, drug use and playing
truant. Moreover, the null average effect of birth order on prosocial and inter-
nalising score observed in Table 4.5 might be hiding different dynamics by sex.
Boys display a negative effect of birth order on prosocial score and a positive
effect on internalising score. For age at first drink and externalising behaviour,
the effects overlap for the two groups. Fewer differences are found when dividing
the sample by mother’s education, family income and ethnicity. The effect of
birth order on non-cognitive skills is slightly more pronounced and negative for
children whose mother has a degree, compared to those without. A speculation
is that this may be due to mothers with degrees having steeper increases in time
demanded by their jobs as they progress in their career, proportionally reducing
time with later children more than for mothers without a degree, who may experi-
ence fewer changes in their time commitments. Compatible with this explanation
is that when grouping individuals by income, the positive effect of birth order on
externalising scores is exacerbated for families whose income is above the median.
Finally, birth order effects for the prosocial scores go in opposite directions for
white compared to non-white children, although 95% confidence intervals overlap
for the two groups for all birth order coefficients16.
16In an alternative specification, I allow for an interaction between each characteristic ex-
pressed as a dummy and the birth order indicator (equal to one for female, non-white, the
mother having a university degree and family income above median respectively). For the
interested reader, results are shown in Appendix Tables C3-C10.
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Second child
Third child
Fourth child
Second child
Third child
Fourth child
Second child
Third child
Fourth child
-.3 -.2 -.1 0 .1 -2 -1 0 -.4 -.2 0 .2 .4
-.1 0 .1 .2 .3 -.2 0 .2 .4 -2 -1 0 1
-2 -1 0 1 -4 -2 0 2 4 -2 0 2 4
Smokes Age start drinking Junk food
Tried drugs Play truant Sedentary behaviour
Prosocial Internalising Externalising
Boys Girls
Figure 4.1: Heterogeneity of birth order effects by sex. Markers represent point-estimates and
lines illustrate respective 95% confidence intervals.
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Second child
Third child
Fourth child
Second child
Third child
Fourth child
Second child
Third child
Fourth child
-.2 -.1 0 .1 .2 -2 -1.5 -1 -.5 0 -.4 -.2 0 .2 .4
-.1 0 .1 .2 -.2 0 .2 .4 -1.5 -1 -.5 0 .5
-2 -1 0 1 -4 -2 0 2 0 2 4 6
Smokes Age start drinking Junk food
Tried drugs Play truant Sedentary behaviour
Prosocial Internalising Externalising
Mum has no degree Mum has degree
Figure 4.2: Heterogeneity of birth order effects by mother’s education. Markers represent
point-estimates and lines illustrate respective 95% confidence intervals.
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Third child
Fourth child
Second child
Third child
Fourth child
Second child
Third child
Fourth child
-.2 0 .2 .4 -1.5 -1 -.5 0 -.4 -.2 0 .2 .4
-.1 0 .1 .2 -.1 0 .1 .2 -1 -.5 0 .5
-1 -.5 0 .5 1 -1 0 1 2 0 2 4
Smokes Age start drinking Junk food
Tried drugs Play truant Sedentary behaviour
Prosocial Internalising Externalising
Income: Top 50% Income: Bottom 50%
Figure 4.3: Heterogeneity of birth order effects by family income. Markers represent point-
estimates and lines illustrate respective 95% confidence intervals.
112
Second child
Third child
Fourth child
Second child
Third child
Fourth child
Second child
Third child
Fourth child
-.2 -.1 0 .1 .2 -1.5 -1 -.5 0 .5 -.2 0 .2 .4
-.2 -.1 0 .1 .2 -.1 0 .1 .2 .3 -1 -.5 0 .5
-1 0 1 2 -2 0 2 4 -1 0 1 2 3
Smokes Age start drinking Junk food
Tried drugs Play truant Sedentary behaviour
Prosocial Internalising Externalising
White Non-white
Figure 4.4: Heterogeneity of birth order effects by ethnicity. Markers represent point-estimates
and lines illustrate respective 95% confidence intervals.
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4.5.3 The contribution of parental investments
The next two sections are concerned with explaining the effect of birth order on
risky behaviours and non-cognitive skills by looking at potential channels, start-
ing with parental investments. Differences in parental behaviour by birth order
have been observed in the economics literature before, generally finding higher in-
vestments for earlier born (Black et al., 2018; Hotz and Pantano, 2015; Lehmann
et al., 2018; Monfardini and See, 2016; Price, 2008). By regressing parental in-
vestments (instead of child outcomes) on birth order, as detailed in Equation
(4.2), I find significant birth order differences in this sample also (see Appendix
Table C11). Later-born children perceive significantly lower parental interest in
how they do at school, more so when they have older siblings of a different sex.
Second, third and fourth born are less likely to say their parents help them with
homework compared to first born, regardless of sibship sex composition. Finally,
second-born children are less likely to talk to their parents when upset. This
effect is driven by children whose older siblings are of the same sex, which may
be reconciled with the fact that, when upset, younger girls (boys) may be more
likely to talk to their older sister (brother) than to their parents.
As an exploratory analysis to test the role of parental investment, I re-estimate
Equation (4.2) with the original outcomes, this time including an index of parental
investment Pij, as a regressor. The index is constructed by applying principal
component analysis (PCA) to all dimensions of parental investment during ado-
lescence listed in Table 4.2, thus excluding breastfeeding behaviour (details in
Appendix Section C.5). The equation is as follows:
Yij = θ1 +
4∑
k=2
θFEk 1(Bij = k) + θ
FE
6 Pij + φj + X
′
ijδ
FE + υij. (4.4)
Pij is potentially endogenous, for example because of reverse causality or
because it can be correlated with unobservable parental characteristics, such as
preferences, attitudes and beliefs, also affecting the outcomes. Assuming the
model is correctly specified, these unobservables are captured by mother fixed
effects φj, and the estimated θ
FE
6 expresses the extent to which the parental
investment index explains away some of the effect of birth order. If so, the
estimated θFEk in Equation (4.4) will reflect residual differences that are solely
due to birth order (e.g. linking back to the placenta hypothesis), although the
same caveats mentioned in Section 4.3 apply. Even if the assumption does not
hold, analysing the correlation of parental investments with the outcomes can
still be informative.
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Table 4.6: Birth order and all outcomes, adding parental investments.
Smokes Age started drinking Junk food
Second child 0.0161 0.0136 -0.2752** -0.2640** 0.0267 0.0263
(0.0237) (0.0236) (0.0903) (0.0898) (0.0275) (0.0277)
Third child 0.0139 0.0100 -0.4543** -0.4442* 0.0369 0.0365
(0.0406) (0.0404) (0.1762) (0.1759) (0.0520) (0.0521)
Fourth child -0.0092 -0.0158 -0.8174** -0.8028** 0.0305 0.0299
(0.0593) (0.0589) (0.2802) (0.2792) (0.0803) (0.0806)
Female 0.0023 0.0009 0.1171+ 0.1252+ -0.0455* -0.0457*
(0.0156) (0.0156) (0.0711) (0.0714) (0.0196) (0.0196)
Par. investments -0.1032* 0.3545+ -0.0119
(0.0507) (0.1906) (0.0581)
Fixed-effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 3282 3282 5144 5144 5993 5993
Tried drugs Play truant Sedentary behaviour
Second child 0.0333* 0.0325* 0.0324+ 0.0268 -0.1556* -0.1575*
(0.0141) (0.0142) (0.0184) (0.0182) (0.0766) (0.0768)
Third child 0.0483* 0.0479+ 0.0373 0.0310 -0.2502+ -0.2519+
(0.0245) (0.0245) (0.0331) (0.0329) (0.1514) (0.1516)
Fourth child 0.0381 0.0377 0.0579 0.0476 -0.2878 -0.2912
(0.0434) (0.0433) (0.0500) (0.0499) (0.2301) (0.2300)
Female -0.0160+ -0.0168+ -0.0025 -0.0065 0.4456*** 0.4440***
(0.0097) (0.0097) (0.0129) (0.0127) (0.0568) (0.0566)
Par. investments -0.0366 -0.1760*** -0.0675
(0.0328) (0.0436) (0.1660)
Fixed effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4368 4368 6005 6005 5689 5689
SDQ Prosocial SDQ Interalising SDQ Externalising
Second child -0.1334 -0.0768 0.1647 0.0742 0.8266*** 0.6799***
(0.1049) (0.1038) (0.1834) (0.1826) (0.1979) (0.1922)
Third child -0.0287 0.0315 0.5512 0.4558 1.2468*** 1.0923**
(0.2030) (0.1997) (0.3621) (0.3589) (0.3743) (0.3608)
Fourth child -0.0838 0.0165 0.5563 0.3960 1.8085** 1.5493**
(0.3180) (0.3113) (0.5748) (0.5632) (0.5784) (0.5599)
Female 0.9319*** 0.9732*** 1.0899*** 1.0218*** -1.0936*** -1.2051***
(0.0769) (0.0748) (0.1269) (0.1255) (0.1430) (0.1359)
Par. investments 1.7904*** -2.9010*** -4.7493***
(0.2511) (0.3905) (0.4362)
Fixed effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 6001 6001 5998 5998 5998 5998
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table 4.6 shows estimation results for Equation (4.4), for all outcomes. For
each outcome, the first column presents estimates of the main fixed-effect specifi-
cation, while the second column includes the parental interest dummy17. Parental
investments are significantly associated with three out of the six behavioural out-
comes. Higher parental investments are linked to a lower probability that the
child smokes or plays truant, and to a higher age of first alcoholic drink. Addi-
tionally, including parental investments changes the magnitudes of the coefficients
associated to birth order: the coefficients for second-born children are reduced by
4% and 6% respectively for age of first drink and play truant. Given these small
magnitudes, these results suggests that parental investments may not be the only
channel to understand birth order differences in unhealthy and risky behaviours.
Parental investments are also strongly associated with higher non-cognitive skills
in all three dimensions. Moreover, differences in parental interest by birth or-
der account for about 20% of the effect of birth order on the SDQ externalising
score18.
4.5.4 Sibling interactions
Next, I assess the role of sibling interactions as a mechanism to explain birth order
differences in the outcomes. The rationale for this analysis is to address the argu-
ments advanced by psychology theory, discussed in Section 4.2.2. When engaging
in a risky behaviour, older siblings could be setting an example for younger ones,
facilitating onset of the same behaviour, compared to other children of the same
age who do not have older siblings behaving in such ways. On the other hand,
as they acquire more information about the potential negative consequences of
risky behaviours, younger siblings could be deterred from engaging in such ac-
tions. I thus test, on the one hand, for patterns of imitation in younger siblings’
behaviours, and on the other, for any effect on younger siblings’ awareness of the
dangers associated to risky behaviours.
I first look at whether younger siblings’ behavioural outcomes are associated
with a binary indicator that equals one if the eldest sibling observed in the family
engages in a risky behaviour, and 0 otherwise19. I carry out the analysis for
smoking, drinking and trying drugs using an OLS specification, controlling for all
covariates. I cannot directly introduce mother fixed effects, since the explanatory
variable referring to the eldest sibling’s behaviour does not vary across children
17Sample sizes are smaller than in Tables 4.4-4.5 due to missing data in the parental invest-
ment variable.
18In alternative specifications I substitute Pi with each parental investment in turn, obtaining
similar results. The main difference is that the magnitude of birth order coefficients is reduced
less than when using the investment index.
19Substituting this indicator with one for any older sibling gives qualitatively similar results.
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Table 4.7: Eldest sibling’s behaviour, risky behaviours and beliefs about risky behaviours
Younger sib.: Risky behaviours
Smokes Age start drinking Drugs
Eldest smokes 0.5507*** -0.0008
(0.0283) (0.0031)
Eldest drinks -0.7366*** -0.0559***
(0.0560) (0.0092)
Eldest tried drugs 0.5502*** 0.0193***
(0.0269) (0.0048)
Predicted FE 0.9998*** 0.9844*** 0.9753***
(0.0032) (0.0034) (0.0071)
Estim. FE term No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 3223 3223 3860 3860 3135 3135
Younger sib.: Beliefs about risky behaviours
Heavy smoking Heavy drinking Cannabis regularly
Eldest smokes -0.0531 0.0012
(0.0464) (0.0020)
Eldest drinks -0.1179*** -0.0043+
(0.0204) (0.0024)
Eldest tried drugs -0.3628*** -0.0108*
(0.0425) (0.0046)
Predicted FE 0.9996*** 0.9987*** 0.9993***
(0.0017) (0.0024) (0.0028)
Estim. FE term No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4251 4251 3270 3270 2853 2853
Standard errors clustered at mother level in parentheses. Beliefs are binary variables.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
from the same mother. Instead, I include as a regressor the fixed-effect term
predicted in the main regressions, shown in Tables 4.4 and 4.5. The idea is
that the predicted fixed-effect term should capture enough of the unobservable
family-specific variation to make the coefficient of interest closer to the true effect
of sibling interaction20. First-born children are excluded from this analysis, since
they do not have a sibling they can look up to. The top panel of Table 4.7 shows
that each of the three indicators for eldest sibling’s behaviour is significantly
associated with the same behaviour in younger siblings. Without accounting
for unobservables, having an eldest sibling who engages in the corresponding
behaviour is associated with a 55% increase in the probabilities of smoking and
trying drugs, and to a reduction in age of first drink of 0.7 years (approximately
8 months). The association is smaller once the predicted fixed-effect term is
included. Partially controlling for unobservable family-specific traits makes the
association with the indicator for eldest sibling smoking null. The association
between the indicator for eldest sibling drinking and younger sibling’s drinking
age now declines to -0.06 years (approximately 0.7 months earlier). Finally, if
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Table 4.8: Birth order and beliefs about risky behaviours
Beliefs about risky behaviours
Heavy smoking Heavy drinking Cannabis regularly
Second child -0.0105 -0.0249 -0.0052 -0.0118 -0.0381** -0.0757**
(0.0143) (0.0285) (0.0161) (0.0314) (0.0140) (0.0291)
Third child 0.0005 -0.0098 -0.0061 -0.0276 -0.0781*** -0.1270*
(0.0223) (0.0580) (0.0245) (0.0601) (0.0226) (0.0575)
Fourth child -0.0562 -0.0824 -0.0912* -0.1950+ -0.0805* -0.1126
(0.0403) (0.0961) (0.0442) (0.1025) (0.0402) (0.0923)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4996 4996 4904 4904 4732 4732
Standard errors clustered at mother level in parentheses. Beliefs are binary variables.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
the eldest sibling has tried drugs, now only a small 2% increase in probability
of the younger one taking drugs is observed. The fixed-effect term has a large
and significant coefficient, indicating that, although there is evidence of sibling
imitation patterns, family-level traits still explain a large portion of the variation
in younger siblings’ behaviour.
Secondly, I check whether the eldest sibling’s behaviour affects younger sib-
lings’ awareness about the risk attached to heavy smoking, heavy alcohol drinking
and heavy drug use. I exploit survey questions in the Young Person element of
Understanding Society, where children are asked to rate the riskiness of several
behaviours on a 0-4 scale, from “No risk” to “Great risk” (more details on these
variables in Appendix Section C.6). The belief outcome variables are recoded so
they are dummy variables, taking the value one if the child rates the dangerous
behaviour as carrying great risk, and zero otherwise. Results in the bottom panel
of Table 4.7 show that observing older siblings drinking or taking drugs reduces
younger siblings’ perception of the risk attached to heavy drinking and regular
cannabis use respectively. No effect is observed on beliefs related to smoking.
Once the fixed-effect term is included, the coefficient for eldest sibling drinking is
a negligible -0.004, while the coefficient for eldest sibling taking drugs decreases
to 0.01. Both terms are still significant, but their importance decreases consid-
erably, especially compared to family-level characteristics, which again appear to
have a large and significant relationship with children’s beliefs about the riskiness
of these behaviours.
Finally, I check if these beliefs present differences by birth order, to further
understand whether they are part of the birth order effects story. I regress the
belief variables on the birth order indicator, estimating a model similar to Equa-
tion (4.2) again. Results in Table 4.8 show that birth order differences are only
20I am grateful to Thomas Cornelissen for this suggestion.
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significant for the risk attached to daily cannabis smoking, with later born per-
ceiving it as less risky, compared to first born. The main implication of these
findings is that part of the birth order effect on drug-taking is to be attributed to
imitation patterns by younger siblings, who are less informed or less averse when
it comes to the risk involved in trying drugs. Information about the dangers of
heavy drinking is also marginally affected by older siblings’ behaviour, although
this may not be reflected in differences in beliefs among siblings.
4.5.5 Ruling out optimal stopping
As discussed, the fixed-effect strategy takes care of potential unobserved con-
founders that are constant across siblings. However, there is one source of endo-
geneity of fertility decisions that is not ruled out by fixed effects. Parents may
initially have a preference for a given number of children, but they may update
their preference after they obtain information on each new child. This is espe-
cially likely if a child takes up more resources than expected, for example because
of problematic behaviour or sickness (Rosenzweig and Wolpin, 1988). If the event
of a problematic child stops parents from having more children, I may never ob-
serve later children in such families. This would lead to excluding the family from
the sample or to a spurious negative effect of being the youngest child21. On the
other hand, if a good child increases the likelihood of having more children, say
because parents enjoy parenthood more than they expected, I may find a spuri-
ous negative effect of being born later, only because such child would be “above
average quality”, while subsequent ones would be of “average quality”22.
To the extent that these are rare events, or that birth spacing is small and
therefore parents do not observe outcomes for earlier born before they have an-
other child, this may not seriously bias treatment effect. Yet, it is still desir-
able to check if there is evidence of “optimal stopping behaviour” by parents,
in order to increase robustness of the study23. I thus estimate a linear proba-
bility model, regressing the probability of having younger siblings, Pr(Y Si), on
a child’s SDQ difficulty and prosocial scores, including controls for background
and birth order of the child. The SDQ difficulty score is preferred here to the in-
21The family would be excluded from my sample if the problematic child was the first born,
as it would be a single-child family. Alternatively, it would bias the estimator negatively if the
problematic child was any other birth order.
22A similar argument is made by Black et al. (2018).
23Three studies in the relevant literature have tested for this type of behaviour, two of
them by regressing the probability of having another child on first-born children’s outcomes
(Bjo¨rkegren and Svaleryd, 2017; Black et al., 2018; Pavan, 2016). Black et al. (2018) adopt
an original approach by simulating a hypothetical second child for all families with one child,
assuming the extreme scenario that all single-child families had ‘optimally stopped’ having
children, and showing that their estimates are robust to this hypothesis.
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ternalising/externalising categorisation, to better capture problematic behaviour.
Pr(Y Sij) = η0 + η
FE
1 SDQDIFFij + η
FE
2 SDQPROij + φj + X
′
ijδ
FE + υ′′ij. (4.5)
If the estimated parameters ηFE1 and η
FE
2 are significantly different from zero,
then this could be taken as evidence that earlier children’s outcomes influence
parents’ fertility decisions, biasing birth order effect estimates. Vector Xij in
Equation (4.5) also contains the birth order dummies Bij, in order to account
for the fact that the probability of having younger siblings changes as family
size increases. The choice of SDQ scores over other outcomes to test for optimal
stopping is due to the fact that, presumably, parents would be able to notice
their child’s problematic behaviour early on, which could then in turn affect their
subsequent fertility decisions. While SDQ measures are expected to be highly
correlated to early signs of problematic behaviours, other risky behaviours are
initiated later on, when parents’ fertility is often completed.
Table 4.9 shows linear probability models for optimal stopping behaviour,
pooling together 2-, 3- and 4-child families24. The first three columns present
OLS estimates, while the last three show fixed-effect results, progressively adding
controls in both cases. The two variables of interest, SDQ difficulty and proso-
cial scores, are both negatively and significantly associated with the probability
of having younger siblings, which indicates a degree of endogeneity of fertility
decisions. This is only partly a surprise: high difficulty scores may be expected
to decrease the probability of having more children. Conversely, if a child is
very prosocial, the expected effect on parental fertility decisions may be positive.
When controlling for SDQ scores only, for a 1-point increase in the child’s dif-
ficulty score, there is only a 0.2% decrease in the probability that parents will
have more children. For a 1-point increase in the prosocial score, perhaps sur-
prisingly, the probability of another child decreases by 1%. The small coefficients
indicate that the bias introduced by optimal stopping is potentially quite small.
Reassuringly however, once I include mother fixed effects and controls as in my
preferred specification, the coefficients on the SDQ scores are not significant any
more, indicating that this strategy is successful in dealing with confounders and
any residual endogeneity of parental fertility decisions.
24One-child families are not included in the analysis. Any optimal stopping behaviour on
their part would not bias the estimates, given that the main analysis is concerned with families
who have between two and four children.
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Table 4.9: Testing for optimal stopping behaviour. Probability of having any younger sibling
and older children’s SDQ score.
Dep. variable: Probability of having any younger siblings
SDQ difficulty -0.0019+ -0.0016* -0.0013* -0.0078** -0.0012 -0.0015
(0.0011) (0.0007) (0.0006) (0.0027) (0.0016) (0.0015)
SDQ prosocial -0.0123*** -0.0055** -0.0042* -0.0290*** -0.0063 -0.0072
(0.0034) (0.0020) (0.0021) (0.0076) (0.0044) (0.0046)
Second child -0.5690*** -0.5694*** -0.5800*** -0.4741***
(0.0083) (0.0101) (0.0128) (0.0210)
Third child -0.9683*** -0.9698*** -1.1162*** -0.8970***
(0.0121) (0.0149) (0.0240) (0.0425)
Fourth child -1.4060*** -1.4112*** -1.8760*** -1.5547***
(0.0205) (0.0187) (0.0314) (0.0595)
Female 0.0002 0.0178
(0.0072) (0.0151)
Constant 0.6324*** 0.0660** 0.2062*** 0.8228*** 1.0254*** 0.5252+
(0.0317) (0.0220) (0.0505) (0.0712) (0.0406) (0.2943)
Fixed effects No No No Yes Yes Yes
B.O. + sibship No Yes Yes No Yes Yes
Controls No No Yes No No Yes
Observations 6864 6864 6864 6864 6864 6864
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001 Standard errors clustered at mother
level in parentheses. SDQ difficulty, ranging from 0 to 40, is the sum of the internalising and
externalising scores.
4.6 Discussion
4.6.1 Putting results into context
I find a robust link between birth order and most behaviours surveyed, show-
ing that later-born children are more likely to start drinking alcohol earlier, skip
school, try drugs and do more exercise. This result largely confirms the associa-
tions observed by Argys et al. (2006) in US adolescents, but has the advantage
of a robust fixed-effect strategy, which minimises the possibility of bias due to
family-level unobservable characteristics. Both Argys et al. (2006) and Black et
al. (2016) found higher smoking rates for later born while, in the present context,
birth order differences in smoking in adolescence are largely eliminated by ac-
counting for family characteristics. Something similar can be said for junk food
consumption, which makes sense, considering that diets are often parental choices
and thus they may not vary across siblings.
Secondly, the study provides strong evidence that non-cognitive skills are
lower for later-born children compared to earlier born, with the former more
likely to have high externalising scores, predictive of aggressiveness and anger.
In some specifications, later born also display significantly lower prosocial scores,
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increasing in non-cognitive skills. Black et al. (2018) find a similar result for a
different measure of non-cognitive skills in Swedish 18-year-olds, while Lehmann
et al. (2018) find no evidence of birth order effects on an index of behavioural
problems, temperament and general self-perception in US children up to age 14.
However, when analysing birth order effects separately by age group, Lehmann
et al. (2018) do find some evidence of a negative effect of higher birth order in
the later age group, 11-14. Together with the present evidence and Black et al.
(2018), this may suggest that differences in non-cognitive skills arise in adoles-
cence, and persist into adulthood. Observed differences in externalising score
by birth order could translate into differences in risky behaviours by birth or-
der, designating non-cognitive skills as a primary explanatory channel for birth
order effects. Moreover, childhood internalising and externalising scores have
been shown to be highly predictive of adult educational and labour market out-
comes, with high externalising scores linked to higher probability of dropping
out of school, reduced enrolment in higher education and higher sickness absence
(Evensen et al., 2016; Narusyte et al., 2017).
In terms of magnitude, birth order effects are relatively large. Taking mean
values for reference, being born second represents a 100% increase in the average
probability of trying drugs compared to the average for first born (from 3% to
6%), and a 40% increase in the average probability of playing truant at school
(from about 10% to 14%). Ceteris paribus, average externalising scores increase
by 13% for second born, 20% for third born and 28% for fourth born, compared
to first born. Moreover, significant gender differences in risk-taking and non-
cognitive skills are widely documented in the literature, and can therefore serve as
a benchmark against which to assess the magnitude of birth order effects (Byrnes
et al., 1999; Charness and Gneezy, 2012; Maguire et al., 2016; Reid et al., 2000).
For instance, the difference in the average probability of trying drugs is twice as
large between first and second born than between boys and girls. Conversely, the
difference in average externalising score between first and second born is half the
difference between boys and girls.
I further find an effect of sibship sex composition on some outcomes. Effects
are generally larger for children with at least one older sibling of a different sex:
this is true for prosocial and externalising scores, for trying drugs and for skipping
school. Only for age of first drink the coefficient is larger for children with older
sibling of the same sex. The literature offers mixed findings on whether sex
composition is important. While Argys et al. (2006) find no association between
sex compositon and behaviour, other studies have found better outcomes for girls
whose older siblings are boys (Butcher and Case, 1994; Tenikue´ and Tequame,
2017). Overall, results show that the main driver of birth order effects is being
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the first child versus being born later. Anecdotal evidence in the popular culture
about rebellious middle children would appear not to be confirmed by the data.
Several studies have detected some heterogeneity in birth order effects with
respect to individual background and child sex. Similarly to existing literature,
I find that birth order effects are slightly more prominent for boys (Argys et
al., 2006; Black et al., 2018; Rees et al., 2008). The finding that effects may be
stronger for families of higher socio-economic status is corroborated by some of the
literature (Barclay et al., 2017), but different results have also been highlighted in
other contexts (Bjo¨rkegren and Svaleryd, 2017; Bonesrønning and Massih, 2011).
4.6.2 Sources of birth order effects
The study also provides some pointers to explain why higher birth order children
engage more in risky behaviours. The finding that parental investment measures
differ by birth order is consistent with several studies (Black et al., 2018; Hotz
and Pantano, 2015; Lehmann et al., 2018; Mechoulan and Wolff, 2015; Pavan,
2016; Price, 2008)25. Younger children talk to their parents less when they have
siblings of the same sex, maybe because girls (boys) prefer talking to their older
sister (brother) about things that matter to them. This suggests that sibling
sex composition could account for parent-child relationship and child behaviour,
an original finding in this literature. Both individually and combined into an
index, parental investments are positively associated with non-cognitive skills,
and they account for roughly 20% of the birth order effect. Parents may actively
invest more in first born, and progressively less for each additional child, pro-
ducing differences in non-cognitive skills, consistently with the resource dilution
hypothesis advanced by Blake (1981). Parental investments were only directly
linked to some of the risk-taking behaviours in adolescence, and therefore other
mechanisms should be explored to further understand birth order effects on these
outcomes.
Secondly, to the best of my knowledge, this is the first study that tries to
directly assess sibling interactions as a mechanism to explain birth order effects.
The descriptive results presented show that children whose eldest sibling drinks
regularly or has tried drugs are likely to engage in the same behaviour, although
it is acknowledged that these results could be biased by family-level confounders.
Interestingly, the findings are in line with a study by Altonji et al. (2017) on US
adolescents, finding a small but significant causal effect of older siblings’ behaviour
25Other studies found significant differences in breastfeeding by birth order (Black et al.,
2016; Buckles and Kolka, 2014; Lehmann et al., 2018). I do not find the same here, but this is
potentially linked to the UK having a less rooted tradition of breastfeeding than other European
countries and the US (World Health Organisation, 2019).
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on younger siblings’ drinking behaviour and likelihood of marijuana use. Another
possible consequence of being exposed to older siblings’ behaviour are changes
in younger children’s risk awareness. Observing older siblings engage in risky
behaviours is found to lower awareness about the risks attached to drinking and
consuming cannabis regularly, with the latter being perceived as significantly less
risky by later-born children, compared to first born.
Explaining birth order effects via parental investments and sibling interac-
tions can inform policies aimed at improving early childhood environment, to
foster individual development and prevent risky behaviours in adolescence. Evi-
dence on the dilution of parental resources can help re-assess baby bonus policies,
for instance by increasing publicly funded per capita resources for higher order
children. Since birth order differences are observed within the family, for chil-
dren sharing the same household and resources, even small incentives for parents
could help equalise the cost of these investments across children. Examples of
useful measures to decrease the cost of parental investments in later-born adoles-
cent children are tax credits on specific goods for larger families or family-friendly
policies at the workplace. On the other hand, the significance of peer interactions
supports the implementation of peer programmes where older children directly
encourage healthier habits in younger children, another potentially effective tool
that has found increasing popularity in schools (Campbell et al., 2008; Foley et
al., 2017). Examples of such programmes can be found in school and community
settings in different countries, and they have potential to also generate positive
spill-over effects on peer educators (Strange, 2002).
4.7 Conclusion
Using data from a panel of UK households, this paper finds evidence that later
birth order is linked to a higher probability of engaging in risky behaviours and to
lower non-cognitive skills in adolescence. I have dealt with two of the main issues
faced in this literature, separating the effect of birth order from that of family
size and reducing the endogeneity of fertility decisions due to unobservable family
characteristics.
The exploration of sibling interactions in the birth order literature is original,
since parental investments have usually been the main channel researched to
understand birth order effects. Studies on sibling dynamics that try to isolate
the causal effect of the interaction are rare and could be the subject of fruitful
future research. For instance, it would be interesting to identify more at-risk
groups, and to explore differences in timing of risky behaviour uptake, as such
behaviours can be riskier, the earlier a child engages in them. Another avenue
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for future research is to explore whether effects on risk-taking by birth order
last over time, and what implications they have for future lives. Bertoni and
Brunello (2016) analyse lifetime earnings, and find that birth order effects are
only observed in the first ten years in the labour market, and dissipate from then
onwards. Findings by Black et al. (2016) and Black et al. (2018) on adult non-
cognitive skills and health behaviours suggest these effects in such domains are
long-lasting.
The decisions people make about their education, job, relationships, their
health and everyday lives are often affected by how much risk they are prepared
to take. Findings of this study are important because adolescence is a time at
which individuals are particularly prone to adopting risky behaviours that can
then affect them in their adult life. The result that higher birth order is linked
to higher risk-taking in adolescence can offer an early insight on future decisions,
as well as complementing previous literature showing better educational, labour
market and adult health outcomes for first born compared to later born. Findings
suggest that within-family variation is an important aspect to consider when
devising policies aimed at reducing risky adolescent behaviour.
More widely, the paper sheds light on the early origins of risk-taking be-
haviours, and how they are linked to the household environment and to the
behaviours of other agents in the household, in a setting where the effect of the
background is robustly controlled for and the genetic mix is randomly assigned.
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Chapter 5
Conclusion
This thesis explores dimensions of schooling and family environment as deter-
minants of human capital, mainly focusing on long-term health and well-being
outcomes. In the choice of topics covered, priority is given to areas that can be in-
fluenced by policy, and thus effectively changed, with an eye to their relevance for
current affairs. Chapters 2 and 3 analyse the consequences of selective schooling
in England, exploring its average effect and the effect for directly affected pupils
respectively. Chapter 4 looks at the role of birth order in explaining variation
in risky behaviours and non-cognitive skills in adolescence, an understudied but
crucial period in the human capital accumulation process.
Chapter 2 shows that the average long-term impact of going to school in a
selective system, compared to a mixed-ability system in the 1970s England, differs
by prior cognitive ability. In the high cognitive ability sample, who can access
grammar school if exposed to selection, selective schooling increases the average
aspirations towards academic achievement, adult wages and the probability of
employment. However, results also suggest that selective schooling in this sample
could lower average adult life satisfaction. In the lower cognitive ability sample,
who experience lower average peer ability and school quality when exposed to
selection, selective schooling lowers school aspirations, while it marginally raises
wages and self-efficacy. This result may be due to the practical nature of the
secondary modern curriculum at the time, more geared towards specific types of
professions. The chapter also shows that selective schooling is not directly linked
to the majority of the long-term health and well-being outcomes surveyed, which
are instead associated with childhood cognitive and non-cognitive abilities..
Chapter 3 answers the question of the impact of attending a selective sec-
ondary school within the selective system, for the restricted group of pupils who
are at the margin of being admitted. Building on the findings of Chapter 2, Chap-
ter 3 focuses on a narrower range of cognitive ability, looking at individuals most
likely to be affected by an expansion in grammar school places. By exploiting the
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data in an innovative way, a quasi-experimental framework can be implemented,
using for the first time an RDD methodology to answer this question for sev-
eral regions in England. Results show that even when focusing on a restricted
section of the ability distribution, grammar school is only a significant predictor
of higher academic attainment for the marginal admitted student. Strikingly,
this effect is only found for pupils displaying high socio-economic status or high
mother interest in their education. Other health and well-being outcomes are
not affected. Thus, although educational attainment is generally a determinant
of labour market success and well-being later in life, for the sample in question,
the difference in A-levels (and potentially probability of obtaining a university
degree) produced by grammar attendance was not sufficient to predict significant
differences in other long-term human capital outcomes.
Findings of both chapters are based on historical data on a generation that
faced very different circumstances to those experienced by young generations
nowadays. Drawing the implications of these findings for present policy requires
several adjustments, starting from considering how the features of the English
school system have changed since the 1970s. First, there are now more types
of publicly funded schools, including free schools, academies and faith schools,
widening the set of options and therefore possibly changing how the most able
pupils are distributed across school types. Second, the emphasis on A-levels
and higher education is now more widespread across different school types, with
28.6% of school-leavers going straight to university in 2017 compared to 5.57% in
1974 (House of Commons, 1976; UK Department for Education, 2019a)1. Third,
vocational subjects have long stopped being the focus of the secondary modern
curriculum, which in line with the national curriculum offers all standard ‘core’
and ‘foundation’ academic subjects, thus lowering barriers to further study for
their pupils compared to the past (UK Department for Education, 2014).
In its first 2018/2019 round, the Selective Schools Expansion Fund supported
16 expansions projects, for a total of £49.3 million spent towards the creation of
2,700 new grammar school places. Applications for the second £50 million round
are under review at the time of writing, as part of a total projected £200 million
expenditure over four years (UK Department for Education, 2019b). Based on the
findings in Chapters 2 and 3, if the same circumstances applied to the current gen-
eration of pupils, then for every £50 million spent, just under 3,000 pupils would
in principle benefit from better education outcomes, with the caveats mentioned.
Given the differences mentioned above, we acknowledge that the consequences of
the grammar system in the past cannot be transposed straightforwardly to cur-
1In 2017/2018, the percentage of school-leavers registering for a first degree by age 21 rises
to 48%, and to 50.2% by age 30.
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rent policy. For instance, given the current emphasis on higher education across
the whole public secondary school system, it may be that the marginally admit-
ted pupils would go to university anyway, and that grammar attendance would
improve their educational opportunities by affecting the rank of the institution
or subject studied instead (Burgess et al., 2017). Further, according to findings
in Chapter 3, the positive effect on educational outcomes could be conditional on
having a favourable family background. On the other hand, the positive average
effects of both school types in the selective system on wages and employment
found in Chapter 2 may have been nullified over time, as literature using more
recent datasets would suggest (Burgess et al., 2019). One hypothesis is that this
is due the progressive migration of non-selective schools in selective areas towards
a more standard academic education, and the decline of the value associated to
vocational qualifications, now largely left to colleges and company-based appren-
ticeships (Wolf, 2011).
Additionally, the current measure is expected to affect the intake of publicly
funded non-selective schools in the same areas as grammar schools, by lowering
the average ability of their pupils, and possibly causing some migration of the
most able teachers to newly expanded grammar schools (Allen, 2016a). According
to a study by Allen (2016b), every year at least 281 public schools saw their intake
affected by neighbouring grammar schools prior to the expansion policy, and the
number is likely to rise with more selective places being created. Based on
anecdotal evidence from the past, the move may also expose a higher number of
pupils to the disappointment of not passing an exam perceived to determine their
life chances (Skipper and Douglas, 2016; The Guardian, 2015).
Whether it is preferable to invest public resources in marginally improving the
chances of the targeted high-ability individuals or whether other groups should
be prioritised is largely a normative question. It should be noted that, together
with the Selective School Expansion Fund, other measures promoted by the gov-
ernment 2016 ‘Schools that work for everyone’ strategy included encouraging
selective schools to support non-selective ones and to increase access for disad-
vantaged pupils (UK Department for Education, 2018). However, it remains an
open question whether these objectives are more efficiently achieved by funding
selective schools, rather than giving funds directly to non-selective schools or
those operating in disadvantaged areas. The findings in this thesis suggest that
the gains associated to grammar school for a 60-year-old generation were only
marginal, conditional on their background, and mainly concerned further edu-
cational opportunities and marginally higher wages, while, when isolated from
other influential factors, type of school did not affect other dimensions of health
and human capital.
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Finally, results point towards childhood cognitive and non-cognitive skills as a
promising avenue for improving human capital. Funding interventions to improve
these earlier outcomes could be a way to distribute public money more in line
with enhancing equality of opportunity early on. Evidence from developmental
research has found early childhood programmes to be particularly effective in
improving cognitive and non-cognitive outcomes, and the attention for the first
five years of life has risen in policy making in recent years (Campbell et al., 2014;
Currie and Almond, 2011; Heckman et al., 2013; Kautz et al., 2014). As already
mentioned, all that can be said at present relies on data collected in the past.
To assess the actual effect of the current grammar school expansion, researchers
will have to wait for data on the generation exposed to it. Present efforts to link
administrative data from the educational sphere to health and social security
data in the UK will prove fruitful in answering this question.
Chapter 4 moves to family environment, aiming to explore how earlier cir-
cumstances could affect individual non-cognitive skills and risky behaviours in
adolescence, both important determinants of adult human capital and health.
Order of birth of children in the family was shown to be a significant predic-
tor of adolescent outcomes, lowering average non-cognitive skills and increasing
the probability of engaging in some risky behaviours, such as early age alcohol
drinking, drug taking and skipping school. The largest gap was generally found
between first-born children and their younger siblings. The effect is larger for boys
and for higher socio-economic status families, which is speculatively attributed
to larger constraints to parents’ time with their children in such families. Over-
all, parental behaviour was shown to vary by birth order, and to explain away
part of the non-cognitive skill advantage of firstborn. The analysis also presented
preliminary evidence that, as hypothesised, children imitate their older siblings’
risky behaviours, in reference to smoking, drinking alcohol and trying drugs. An
explanation for this effect is the lower perception of risk attached to several risky
behaviours by children with older siblings.
Finding evidence of human capital differences within the same family can in-
form better family policies. Contrarily to cross-family differences, which are also
important, within-family differences may be easier to eliminate with the necessary
support or right incentives for families, thus delivering effective improvements to
children’s human capital. In line with the results of Chapter 4 and other related
literature, there might be a case for parental leave or baby bonus policies to have
specific features targeting larger families, to reduce parental resource dilution as
more children are born, which appears to be an issue. Given that the differ-
ences in parental behaviours highlighted in the data concern investments during
adolescence, policies targeting this period could be particularly effective. Exam-
129
ple measures are more flexible work arrangements for parents and progressively
larger child benefits or tax credits for higher numbers of children. Often, first
time parents benefit from extra public resources, but this research makes a case
for more resources to be diverted to later births too.
A further important finding of the paper concerns the significance of sibling
interactions for risky behaviours. Future research is needed to further uncover
the mechanisms by which imitation patterns occur, and to identify more at risk
groups. For instance, it would be interesting to investigate whether the timing
of uptake of risky behaviours coincides between siblings, or whether siblings are
more likely to imitate an older sibling of the same versus opposite sex. Clarify-
ing the key times and mechanisms for peers’ influence during adolescence would
strengthen support for school- or community-based peer education programmes
to prevent adolescent risky behaviours. Effective examples of such programmes
include ASSIST, a UK programme for smoking reduction, and SALSA, an Aus-
tralian programme for improving diet and physical activity, both school-based
and delivered by older students to younger cohorts (Campbell et al., 2008; Foley
et al., 2017). Moreover, these programmes have been shown to have a positive
impact on peer educators themselves, who are also generally adolescents (Strange,
2002). Studies on the cost-effectiveness and national scalability of such interven-
tions would be useful to inform policy practice. Lastly, the paper does not analyse
the significance of sibling interactions for non-cognitive skill formation, and this
could be the subject of productive future research work.
In an ideal world, all policy questions would be evaluated in a randomised
control trial (RCT) that allows for all the specificities of each case. However,
due to the nature of several social issues and to the high monetary and time
costs, RCTs are often infeasible. It is still useful to do research on these issues,
and provide answers, which can always be improved by the occurrence of new
data, methods and resources. This thesis has provided evidence on returns to
schooling and family environment, two areas that are traditionally affected by
the standard endogeneity problem, complicating the estimation of their effect
on individuals’ outcomes. Its findings help make a case for specific policies for
the improvement of human capital and health, while at the same time spurring
further questions for future research. One of them concerns the significance of
educational policy for the improvement of health and well-being, given that an
important aspect of school quality has been shown not to affect these dimensions.
Both quality and quantity of schooling were thought to affect health productivity
in the seminal model by Grossman (1972), but the empirical literature does not
always corroborate this theory (Clark and Royer, 2013; Galama et al., 2018).
Instead, family background consistently accounts for differences in health, well-
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being and human capital more in general. Identifying the different mechanisms
within the family environment that influence future outcomes to inform more cost-
effective interventions constitutes the challenge of future human capital research.
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Appendix A
Appendix to Chapter 2
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A.1 Appendix figures
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samples
Figure A1: Diagram illustrating working samples before and after the balancing procedure.
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Figure A2: Kernel density estimates for local area characteristics from 1971 Census, for gram-
mar, comprehensive and comprehensive reweighted via entropy balancing weights.
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Figure A3: Kernel density estimates for local area characteristics from 1971 Census, for sec-
ondary modern, comprehensive and comprehensive reweighed via entropy balancing weights.
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Figure A4: Marginal effect of grammar for different values of age 7 cognitive ability scores. The shaded area represents 95% confidence intervals. Marginal effects
are calculated from the interaction between the treatment and ability variable, keeping everything else constant.
135
0.2
.4
.6
.8
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
School aspirations
-.2
0
.2
.4
.6
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Work aspirations
-2
-1
0
1
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Life satisfaction
-1
-.5
0
.5
1
1.5
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Self-efficacy
-1
0
1
2
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Positive about job
-.6
-.4
-.2
0
.2
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Contact with police
-1
-.5
0
.5
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Tried drugs
-.6
-.4
-.2
0
.2
.4
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
High SAH
-.5
0
.5
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Low malaise
-6
-4
-2
0
2
4
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Mental ill-health
-4
-2
0
2
4
6
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
BMI
-1
-.5
0
.5
1
1.5
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Chol ratio
-1
0
1
2
3
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Triglycerides
-2
0
2
4
6
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
CRP
-1
-.5
0
.5
1
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Fibrinogen
-10
0
10
20
30
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Hourly wage 33
-.2
0
.2
.4
.6
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Employed 33
-40
-20
0
20
40
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Hourly wage 50
-.4
-.2
0
.2
.4
.6
E
f
f
e
c
t
 
o
f
 
g
r
a
m
m
a
r
.2 .3 .4 .5 .6 .7 .8 .9 1
Non-cognitive skills
Employed 50
Figure A5: Marginal effect of grammar for different values of non-cognitive ability scores. The shaded area represents 95% confidence intervals. Marginal effects
are calculated from the interaction between the treatment and ability variable, keeping everything else constant.
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Figure A6: Marginal effect of grammar for different values of age 11 rank of cognitive ability. The shaded area represents 95% confidence intervals. Marginal
effects are calculated from the interaction between the treatment and ability variable, keeping everything else constant.
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Figure A7: Marginal effect of secondary modern for different values of age 7 cognitive ability scores. The shaded area represents 95% confidence intervals.
Marginal effects are calculated from the interaction between the treatment and ability variable, keeping everything else constant.
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Figure A8: Marginal effect of secondary modern for different values of non-cognitive ability scores. The shaded area represents 95% confidence intervals. Marginal
effects are calculated from the interaction between the treatment and ability variable, keeping everything else constant.
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Figure A9: Marginal effect of secondary modern for different values of age 11 rank of cognitive ability. The shaded area represents 95% confidence intervals.
Marginal effects are calculated from the interaction between the treatment and ability variable, keeping everything else constant.
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Figure A10: Occupation-based social class by type of secondary school attended. Source: NCDS
waves 5 and 8.
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A.2 Appendix tables
Table A1: Descriptive statistics of covariates by sample of estimation
Dropped Age 16 Age 33 Age 33 wage Age 42 Age 45 Age 50 Age 50 wage
At birth
Mother’s age 27.44 27.50 27.51 27.57 27.51 27.51 27.58 27.55
Married mother 0.95 0.97 0.97 0.97 0.97 0.97 0.97 0.97
Husband SES 2.89 2.96 2.99 2.98 3.00 2.98 2.99 2.98
Mother’s schooling 0.20 0.27 0.28 0.27 0.29 0.28 0.29 0.28
Abnormalities pregnancy 0.28 0.27 0.27 0.27 0.26 0.26 0.26 0.26
Pregnancy smoking 1.58 1.51 1.51 1.52 1.50 1.52 1.51 1.52
First born 0.26 0.35 0.35 0.34 0.36 0.36 0.36 0.34
Childhood
Two or more siblings - 0.67 0.66 0.66 0.66 0.66 0.65 0.66
No father figure - 0.04 0.04 0.03 0.04 0.04 0.03 0.04
Child morbidity index - 0.06 0.06 0.07 0.06 0.06 0.06 0.06
Chronic condition in the family - 0.16 0.16 0.17 0.16 0.16 0.16 0.16
Cognitive skills - 0.64 0.65 0.65 0.65 0.65 0.65 0.66
Non-cognitive skills - 0.89 0.90 0.90 0.90 0.90 0.90 0.91
School type
Grammar - 0.13 0.14 0.15 0.14 0.14 0.15 0.17
Secondary modern - 0.24 0.24 0.23 0.24 0.24 0.23 0.23
Comprehensive - 0.54 0.54 0.55 0.54 0.54 0.54 0.53
Observations 12375 5878 4377 3438 3269 4603 4010 2150
Husband SES is on a 1-5 scale. Mother’s schooling is a dummy variable equal to 1 if mother stayed at school after minimum
school-leaving age. Maternal smoking during pregnancy is on a scale from 1-Non smoker to 4-Heavy smoker.
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Table A2: Durbin-Wu-Hausman test results for the balanced samples.
Grammar and comprehensive sample
School asp Work asp Life sat Self eff Job posit Crime Drugs
Wu-Hausman test 0.9647 0.0746 0.0740 0.0322 0.0231 0.2107 3.1718
p-value 0.3262 0.7847 0.7857 0.8577 0.8792 0.6463 0.0752
Observations 4159 4156 3131 3083 3145 3277 3279
Log wage 33 Employed 33 Log wage 50 Employed 50
Wu-Hausman test 0.7853 3.7648 0.1339 0.6345
p-value 0.3757 0.0526 0.7146 0.4259
Observations 2460 3323 1551 2852
SAH Low malaise MIH BMI Chol ratio Trig CRP Fib
Wu-Hausman test 0.0465 1.9587 0.0457 1.1228 0.1072 0.5557 0.1507 0.5885
p-value 0.8294 0.1619 0.8307 0.2895 0.7435 0.4562 0.6979 0.4432
Observations 2875 2854 2787 2759 2327 2333 2302 2295
Secondary modern and comprehensive sample
School asp Work asp Life sat Self eff Job posit Crime Drugs
Wu-Hausman test 0.2879 0.2862 0.0000 0.0180 0.2874 0.1548 0.3850
p-value 0.5916 0.5927 0.9953 0.8933 0.5919 0.6941 0.5350
Observations 4813 4818 3588 3535 3597 3777 3779
Income 33 Employed 33 Income 50 Employed 50
Wu-Hausman test 1.9379 0.0265 0.5173 1.0000
p-value 0.1641 0.8708 0.4722 0.3175
Observations 2766 3821 1689 3230
SAH Low malaise MIH BMI Chol ratio Trig CRP Fib
Wu-Hausman test 0.0088 1.5628 0.0046 0.1649 0.4470 0.1729 0.1704 0.1411
p-value 0.9254 0.2114 0.9462 0.6847 0.5039 0.6776 0.6798 0.7072
Observations 3250 3224 3183 3145 2665 2669 2634 2629
The DWH test allows testing for endogeneity in just-identified models. For each outcome, the null hypothesis H0 is that treatment
is exogenous. Residuals from the first stage of the 2SLS procedure are included as a regressor in the outcome regression with the
original (not the predicted) treatment variable. If first-stage residuals are not significantly associated with the outcome, then this
is taken as evidence for treatment exogeneity (i.e. H0 cannot be rejected), as it is the case for all our outcomes in both samples.
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Table A3: Selective schooling and well-being outcomes with treatment interacted with ability.
School asp. Work asp. Life sat. Self-eff. Job posit. Crime Drugs
Grammar vs comprehensive (high ability)
Grammar 0.2598*** 0.0798* -0.1094 -0.2095 -0.0028 -0.0535 0.0257
(0.0498) (0.0337) (0.1353) (0.1618) (0.1322) (0.0466) (0.0430)
Top 50% cognitive skills 0.0432 0.0002 -0.0087 0.0082 -0.0066 -0.0010 0.0412
(0.0284) (0.0140) (0.0680) (0.0639) (0.0650) (0.0248) (0.0269)
Grammar × top 50% c.s. -0.1167* -0.0535 -0.0457 0.1943 0.0374 0.0538 -0.0400
(0.0469) (0.0329) (0.1335) (0.1580) (0.1150) (0.0424) (0.0452)
Top 50% non-cognitive skills 0.0509+ 0.0321* 0.1421* 0.2003** 0.0305 0.0002 -0.0467*
(0.0270) (0.0148) (0.0713) (0.0664) (0.0522) (0.0220) (0.0224)
Grammar × top 50% n.c.s. -0.0489 -0.0295 0.0271 -0.0050 -0.0371 -0.0095 -0.0029
(0.0431) (0.0275) (0.1187) (0.0914) (0.0915) (0.0376) (0.0393)
Observations 4197 4156 3131 3083 3145 3277 3279
F statistic 5.2361 7.2155 15.0213
χ2 statistic 889.9119 671.4670 192.4237 157.6848
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0449* 0.0113 -0.0477 0.1492* 0.0523 -0.0247 0.0067
(0.0212) (0.0199) (0.0703) (0.0640) (0.0588) (0.0185) (0.0207)
Top 50% cognitive skills 0.0242 -0.0181 0.0016 0.0754 0.0131 -0.0031 0.0291+
(0.0198) (0.0175) (0.0610) (0.0499) (0.0449) (0.0200) (0.0172)
Sec. modern × top 50% c.s. -0.0228 -0.0075 0.0497 -0.0959 -0.0572 0.0217 -0.0161
(0.0246) (0.0255) (0.0812) (0.0793) (0.0765) (0.0254) (0.0235)
Top 50% non-cognitive skills 0.0050 0.0141 0.1249** 0.1304** 0.0933* -0.0130 -0.0478***
(0.0143) (0.0149) (0.0455) (0.0446) (0.0411) (0.0168) (0.0143)
Sec. modern × top 50% n.c.s. 0.0290 0.0200 0.0380 -0.0360 0.0064 -0.0163 -0.0121
(0.0229) (0.0250) (0.0636) (0.0711) (0.0737) (0.0242) (0.0268)
Observations 4872 4818 3588 3535 3597 3777 3779
F statistic 5.8320 9.5304 21.8894
χ2 statistic 1059.3803 669.1582 563.9754 183.4628
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All control variables
are included.
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Table A4: Selective schooling and labour market outcomes with treatment interacted with ability.
Log wage 33 Employed 33 Log wage 50 Employed 50
Grammar vs comprehensive (high ability)
Grammar 0.2196** 0.0347 0.1264 0.0140
(0.0819) (0.0403) (0.1246) (0.0403)
Top 50% cognitive skills 0.0707 -0.0020 -0.0473 -0.0017
(0.0543) (0.0181) (0.0616) (0.0168)
Grammar × top 50% c.s. -0.1895* 0.0183 0.0178 0.0278
(0.0944) (0.0417) (0.1157) (0.0344)
Top 50% non-cognitive skills 0.0748 0.0002 0.1836* 0.0125
(0.0483) (0.0238) (0.0928) (0.0196)
Grammar × top 50% n.c.s. 0.0009 -0.0234 -0.0701 -0.0229
(0.0776) (0.0441) (0.1079) (0.0312)
Observations 2460 3323 1551 2852
F statistic 28.1158 8.8797
χ2 statistic 427.6633 133.1550
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0013 0.0352 0.1688** -0.0344
(0.0441) (0.0241) (0.0588) (0.0233)
Top 50% cognitive skills 0.0277 -0.0262 -0.0209 0.0244
(0.0318) (0.0217) (0.0592) (0.0188)
Sec. modern × top 50% c.s. -0.0028 0.0141 -0.0222 0.0221
(0.0474) (0.0296) (0.0674) (0.0254)
Top 50% non-cognitive skills 0.0190 0.0221 0.0887 0.0340+
(0.0281) (0.0154) (0.0569) (0.0187)
Sec. modern × top 50% n.c.s. 0.0971* -0.0145 -0.1188 0.0128
(0.0430) (0.0307) (0.0760) (0.0272)
Observations 2766 3821 1689 3230
F statistic 30.3270 19.1561
χ2 statistic 394.2505 232.0630
+ p<0.1, * p<0.05, ** p<0.01. Standard errors clustered at LEA level in parentheses. All control
variables are included.
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Table A5: Selective schooling and health outcomes with treatment interacted with ability.
SAH Low mal. MIH BMI Chol r. Trig CRP Fib
Grammar vs comprehensive (high ability)
Grammar -0.0264 -0.0499 -0.0371 -0.1965 0.0956 0.2788 -0.1559 -0.2421+
(0.0748) (0.0543) (0.1311) (0.1492) (0.1664) (0.2702) (0.1159) (0.1431)
Top 50% cognitive skills -0.0455 -0.0385 -0.0273 -0.0511 0.0180 -0.0027 -0.1242 -0.0941
(0.0371) (0.0263) (0.0584) (0.0737) (0.0698) (0.0688) (0.1034) (0.0879)
Grammar × top 50% c.s. 0.0374 0.0671 0.0339 0.0842 -0.0650 -0.1652 0.2883* 0.2834*
(0.0721) (0.0565) (0.1454) (0.1236) (0.1301) (0.1747) (0.1185) (0.1202)
Top 50% non-cognitive skills 0.0394 0.0087 -0.0771 -0.0791 -0.0812 0.0094 -0.0082 -0.0946
(0.0321) (0.0341) (0.0595) (0.0706) (0.0789) (0.0546) (0.0468) (0.0626)
Grammar × top 50% n.c.s. -0.0133 0.0141 0.0249 0.0230 -0.0036 -0.1991 -0.1131 0.0236
(0.0535) (0.0505) (0.0957) (0.1046) (0.1354) (0.1620) (0.0965) (0.1014)
Observations 2875 2854 2805 2759 2327 2333 2302 2295
F statistic 8.9919 4.9576 59.4320 58.8760 3.1275 4.1532
χ2 statistic 488.8120 251.0408
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0282 -0.0085 -0.0341 0.0712 -0.0363 -0.0492 0.0109 0.0253
(0.0320) (0.0273) (0.0638) (0.0846) (0.0824) (0.0924) (0.0544) (0.0717)
Top 50% cognitive skills 0.0223 -0.0018 0.0259 -0.0076 -0.0529 -0.0650 -0.0187 0.0329
(0.0281) (0.0285) (0.0480) (0.0663) (0.0609) (0.0564) (0.0758) (0.0640)
Sec. modern × top 50% c.s. 0.0248 0.0486 -0.0785 0.0037 0.1807* 0.1288 -0.0493 0.0301
(0.0405) (0.0383) (0.0800) (0.0846) (0.0804) (0.0808) (0.0970) (0.0844)
Top 50% non-cognitive skills 0.0769** 0.0675** -0.1514** 0.0559 -0.0577 -0.0465 0.0377 0.0543
(0.0271) (0.0209) (0.0465) (0.0536) (0.0512) (0.0589) (0.0644) (0.0489)
Sec. modern × top 50% n.c.s. 0.0300 -0.0086 0.0654 -0.0679 0.0258 0.0184 -0.0206 -0.1238
(0.0411) (0.0318) (0.0675) (0.0820) (0.0998) (0.0865) (0.1043) (0.0790)
Observations 3250 3224 3203 3145 2665 2669 2634 2629
F statistic 7.3783 6.3010 15.6410 35.4881 3.4408 5.7191
χ2 statistic 433.0181 194.4724
+ p<0.1, * p<0.05, ** p<0.01. Standard errors clustered at LEA level in parentheses. All control variables are included.
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Table A6: Selective schooling and well-being outcomes with treatment interacted with sex.
School asp. Work asp. Life sat. Self-eff. Job posit. Crime Drugs
Grammar vs comprehensive (high ability)
Grammar 0.1973*** 0.0047 -0.0602 0.0733 -0.0409 -0.0327 -0.0082
(0.0267) (0.0180) (0.0814) (0.0546) (0.0562) (0.0241) (0.0262)
Female 0.0274 0.0035 0.1261+ 0.0471 -0.4284*** -0.1266*** -0.0647**
(0.0229) (0.0188) (0.0732) (0.0614) (0.0562) (0.0235) (0.0210)
Grammar × Female -0.1279** 0.0157 -0.1286 -0.2337* 0.0762 0.0387 -0.0033
(0.0429) (0.0263) (0.1101) (0.0908) (0.0912) (0.0378) (0.0408)
Observations 4197 4156 3131 3083 3145 3277 3279
F statistic 5.3445 8.0817 15.4014
χ2 statistic 883.5693 535.0712 180.7076 140.5953
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0069 0.0321 -0.0622 0.0717 0.0483 -0.0072 0.0015
(0.0185) (0.0205) (0.0538) (0.0563) (0.0445) (0.0167) (0.0193)
Female 0.0531*** 0.0095 0.0986+ -0.0335 -0.5588*** -0.1765*** -0.0741***
(0.0145) (0.0181) (0.0550) (0.0583) (0.0505) (0.0170) (0.0143)
Sec. modern × Female -0.0670** -0.0295 0.1089 0.0199 -0.0411 -0.0412 -0.0181
(0.0223) (0.0288) (0.0834) (0.0933) (0.0841) (0.0266) (0.0245)
Observations 4872 4818 3588 3535 3597 3777 3779
F statistic 5.5894 10.7201 19.7839
χ2 statistic 1047.1880 698.3471 580.8757 174.4167
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous
outcomes are standardised. Binary outcomes are estimated via probit models, for which marginal effects are displayed.
All control variables are included.
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Table A7: Selective schooling and labour market outcomes with treatment interacted with sex.
Log wage 33 Employed 33 Log wage 50 Employed 50
Grammar vs comprehensive (high ability)
Grammar 0.1133* 0.1076* 0.1462* 0.0245
(0.0451) (0.0444) (0.0600) (0.0243)
Female -0.3759*** -0.2316*** -0.1663** -0.0621***
(0.0518) (0.0240) (0.0615) (0.0184)
Grammar × Female -0.1059 -0.0924+ -0.1088 -0.0071
(0.0774) (0.0545) (0.0750) (0.0282)
Observations 2460 3323 1551 2852
F statistic 26.8309 9.6014
χ2 statistic 360.4620 125.1572
Secondary modern vs comprehensive (low ability)
Secondary modern 0.0704+ 0.0706* 0.1563** -0.0043
(0.0379) (0.0274) (0.0584) (0.0216)
Female -0.4565*** -0.2228*** -0.2018*** -0.0682***
(0.0297) (0.0216) (0.0444) (0.0173)
Sec. modern × Female -0.0438 -0.0538+ -0.1329+ -0.0261
(0.0593) (0.0318) (0.0712) (0.0315)
Observations 2766 3821 1689 3230
F statistic 29.8599 21.7543
χ2 statistic 410.8919 237.0804
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in
parentheses. Binary outcomes are estimated via probit models, for which marginal effects
are displayed. All control variables are included.
148
Table A8: Selective schooling and health outcomes with treatment interacted with sex.
SAH Low mal. MIH BMI Chol r. Trig CRP Fib
Grammar vs comprehensive (high ability)
Grammar -0.0355 0.0909** -0.0255 -0.0719 0.1472 0.0089 0.1404* 0.0771
(0.0399) (0.0341) (0.0622) (0.0648) (0.0900) (0.0874) (0.0640) (0.0664)
Female -0.0123 -0.0387+ 0.1936*** -0.2020** -0.7591*** -0.6610*** 0.1346* 0.2789***
(0.0319) (0.0225) (0.0528) (0.0726) (0.0719) (0.0694) (0.0515) (0.0711)
Grammar × Female 0.0561 -0.1208** 0.0677 -0.0632 -0.1999+ -0.0292 -0.2544** -0.1163
(0.0513) (0.0391) (0.0892) (0.1025) (0.1031) (0.0924) (0.0770) (0.1051)
Observations 2875 2854 2805 2759 2327 2333 2302 2295
F statistic 8.9614 5.0908 64.9295 52.2225 4.2681 3.7355
χ2 statistic 496.3597 250.2092
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0001 -0.0057 0.0500 -0.0055 0.0856 0.0351 -0.0074 0.0640
(0.0328) (0.0247) (0.0518) (0.0576) (0.0607) (0.0759) (0.0941) (0.0587)
Female -0.0346 -0.1268*** 0.3495*** -0.2071*** -0.6450*** -0.5310*** 0.1360* 0.3605***
(0.0247) (0.0223) (0.0468) (0.0468) (0.0570) (0.0577) (0.0634) (0.0497)
Sec. modern × Female -0.0032 0.0229 -0.1639* 0.0791 -0.0333 -0.0189 -0.0357 -0.1774*
(0.0419) (0.0328) (0.0671) (0.0760) (0.0811) (0.0864) (0.1200) (0.0777)
Observations 3250 3224 3203 3145 2665 2669 2634 2629
F statistic 7.6761 6.0386 16.2085 25.7998 3.4973 6.4892
χ2 statistic 434.5547 207.6119
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous outcomes
are standardised. Binary outcomes are estimated via probit models, for which marginal effects are displayed. All control
variables are included.
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Table A9: Selective schooling and well-being outcomes, distinguishing between comprehensives by origin.
School asp. Work asp. Life sat. Self-eff. Job positiv. Crime Drugs
Grammar vs comprehensive (high ability)
Comprehensive (former grammar) -0.1023*** -0.0209 0.1479* 0.0506 0.0475 0.0354 0.0033
(0.0279) (0.0190) (0.0684) (0.0524) (0.0616) (0.0245) (0.0334)
Comprehensive (other) -0.1336*** -0.0103 0.1241* 0.0547 -0.0163 0.0060 0.0129
(0.0188) (0.0114) (0.0513) (0.0416) (0.0485) (0.0190) (0.0185)
Observations 4197 4156 3131 3083 3145 3277 3279
F statistic 5.4937 7.6043 15.4003
χ2 statistic 305.40 52.50 64.39 66.08
Secondary modern vs comprehensive (low ability)
Comprehensive (former sec modern) 0.0201 -0.0385+ 0.0461 -0.0547 -0.0069 0.0052 -0.0194
(0.0157) (0.0216) (0.0657) (0.0537) (0.0573) (0.0180) (0.0187)
Comprehensive (other) 0.0495*** -0.0093 -0.0082 -0.0883* -0.0331 0.0268+ 0.0162
(0.0141) (0.0155) (0.0450) (0.0380) (0.0398) (0.0146) (0.0157)
Observations 4872 4818 3588 3535 3597 3777 3779
F statistic 5.6525 10.1448 20.0561
χ2 statistic 354.47 276.89 207.54 86.04
+ p<0.1, * p<0.05, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous outcomes are stan-
dardised. Binary outcomes are estimated via probit models, for which marginal effects are displayed. All control variables are
included.
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Table A10: Selective schooling and labour market outcomes, distinguishing between comprehensives by origin.
Log hourly wage 33 Employed at 33 Log hourly wage 50 Employed at 50
Grammar vs comprehensive (high ability)
Comprehensive (former grammar) -0.0616 0.0048 -0.0678 0.0144
(0.0470) (0.0262) (0.1011) (0.0209)
Comprehensive (other) -0.0578+ -0.0463** -0.0962* -0.0308*
(0.0342) (0.0164) (0.0450) (0.0150)
Observations 2460 3323 1551 2852
F statistic 26.6779 9.5117
χ2 statistic 191.98 50.09
Secondary modern vs comprehensive (low ability)
Comprehensive (former sec modern) -0.0209 -0.0334 -0.0911+ 0.0267+
(0.0434) (0.0204) (0.0536) (0.0161)
Comprehensive (other) -0.0581+ -0.0340* -0.0791+ 0.0181
(0.0321) (0.0157) (0.0417) (0.0157)
Observations 2766 3821 1689 3230
F statistic 29.1982 20.3900
χ2 statistic 267.75 109.31
+ p<0.1, * p<0.05, ** p<0.01. Standard errors clustered at LEA level in parentheses. Binary outcomes are estimated via probit
models, for which marginal effects are displayed. All control variables are included.
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Table A11: Selective schooling and health outcomes, distinguishing between comprehensives by origin.
High SAH Low malaise Mental ill-health BMI Chol ratio Triglycerides CRP Fibrinogen
Grammar vs comprehensive (high ability)
Comprehensive (former grammar) -0.0023 0.0104 0.0014 0.0419 -0.1452* -0.0413 -0.0415 -0.1660*
(0.0369) (0.0339) (0.0685) (0.0703) (0.0590) (0.0603) (0.0516) (0.0832)
Comprehensive (other) 0.0085 -0.0272 -0.0176 0.1310* 0.0045 0.0263 0.0130 0.0507
(0.0333) (0.0206) (0.0523) (0.0551) (0.0590) (0.0601) (0.0489) (0.0589)
Observations 2875 2854 2805 2759 2327 2333 2302 2295
F statistic 9.4048 4.9457 47.2419 40.2559 3.4493 4.7212
χ2 statistic 52.9100 57.4897
Secondary modern vs comprehensive (low ability)
Comprehensive (former sec modern) 0.0111 -0.0282 -0.0333 -0.1043+ -0.1045 -0.0012 -0.0836+ -0.0893
(0.0320) (0.0292) (0.0557) (0.0622) (0.0634) (0.0626) (0.0475) (0.0659)
Comprehensive (other) 0.0003 0.0031 0.0554 -0.0077 -0.0525 -0.0334 0.0657 0.0747+
(0.0234) (0.0185) (0.0395) (0.0491) (0.0459) (0.0476) (0.0527) (0.0441)
Observations 3250 3224 3203 3145 2665 2669 2634 2629
F statistic 5.9683 6.1660 16.5526 27.5086 5.8011 6.2885
χ2 statistic 109.3500 97.7415
+ p<0.1, * p<0.05. Standard errors clustered at LEA level in parentheses. All continuous outcomes are standardised. Binary outcomes are estimated via probit
models, for which marginal effects are displayed. All control variables are included.
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Table A12: Selective schooling and well-being outcomes, using only completely selective or completely comprehensive LEAs.
School asp. Work asp. Life sat. Self-eff. Job positiv. Crime Drugs
Grammar vs comprehensive (high ability)
Grammar 0.2213*** 0.0156 -0.0821 0.0449 -0.1703 0.0018 0.0337
(0.0434) (0.0370) (0.1205) (0.1192) (0.1299) (0.0701) (0.0498)
Observations 860 842 640 635 642 678 678
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0115 0.0547+ 0.0867 0.2197** -0.0581 0.0378+ -0.0099
(0.0254) (0.0317) (0.0904) (0.0739) (0.0740) (0.0224) (0.0371)
Observations 1006 993 756 747 753 790 786
+ p<0.1, ** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous
outcomes are standardised. Binary outcomes are estimated via probit models, for which marginal effects are
displayed. All control variables are included.
Table A13: Selective schooling and labour market outcomes, using only completely selective or completely comprehensive LEAs.
Log hourly wage 33 Employed at 33 Log hourly wage 50 Employed at 50
Grammar vs comprehensive (high ability)
Grammar 0.0475 0.0914+ 0.3275+ 0.0209
(0.0680) (0.0549) (0.1875) (0.0476)
Observations 508 680 294 562
Secondary modern vs comprehensive (low ability)
Secondary modern 0.0358 0.0503+ 0.0636 0.0135
(0.0764) (0.0281) (0.0915) (0.0290)
Observations 592 796 330 642
+ p<0.1. Standard errors clustered at LEA level in parentheses. Binary outcomes are estimated via probit
models, for which marginal effects are displayed. All control variables are included.
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Table A14: Selective schooling and health outcomes, using only completely selective or completely comprehensive LEAs.
High SAH Low malaise Mental ill-health BMI Chol ratio Triglycerides CRP Fibrinogen
Grammar vs comprehensive (high ability)
Grammar 0.0250 0.0281 -0.0477 -0.4470*** -0.0267 -0.0379 -0.3291*** -0.3463**
(0.0592) (0.0692) (0.1302) (0.1268) (0.1416) (0.1235) (0.0748) (0.1144)
Observations 581 575 575 561 449 449 441 442
Secondary modern vs comprehensive (low ability)
Secondary modern 0.0113 0.0242 -0.0627 0.1167 0.0056 0.0583 -0.0402 0.0125
(0.0497) (0.0428) (0.1136) (0.0946) (0.0919) (0.0903) (0.1047) (0.1663)
Observations 658 650 648 635 515 515 506 506
** p<0.01, *** p<0.001. Standard errors clustered at LEA level in parentheses. All continuous outcomes are standardised. Binary outcomes are
estimated via probit models, for which marginal effects are displayed. All control variables are included.
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Table A15: First stage for grammar and secondary modern attendance.
Grammar Grammar Sec modern Sec modern
% comprehensive pupils in LEA -0.6193*** -0.7216*** -0.7546*** -0.7495***
(0.0339) (0.0381) (0.0230) (0.0266)
Cognitive ability 0.0466 -0.0020
(0.1175) (0.0674)
Non-cognitive skills -0.0784 0.0449
(0.1466) (0.0675)
Relative cogn. ability -0.1151 -0.0536
(0.0827) (0.0482)
Observations 5467 4412 6396 4807
Partial F statistic 166.9369 13.1494 1072.4188 25.3480
*** p<0.001. Standard errors clustered at LEA level in parentheses. The IV is % pupils
going to comprehensive schools in individual’s LEA.
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Table A16: 2SLS estimates for well-being outcomes.
School Work Life sat. Self-eff. Job positiv. Crime Drugs
Grammar vs comprehensive (high ability)
Grammar 0.1115** 0.0028 -0.1621 -0.0348 -0.0137 -0.0324 0.0725+
(0.0421) (0.0292) (0.1106) (0.1045) (0.1145) (0.0347) (0.0408)
Cognitive skills 0.1262 -0.0783 -0.0527 0.5896** 0.2403 0.0750 -0.0178
(0.0935) (0.0610) (0.2753) (0.2141) (0.2446) (0.0958) (0.0921)
Non-cognitive skills 0.1749 0.0753 1.1859** 1.1129*** 0.0421 -0.0502 -0.3342**
(0.1224) (0.0728) (0.3625) (0.3226) (0.2598) (0.1099) (0.1188)
Relative cogn. ability 0.7193*** 0.2032*** -0.1181 0.3586* 0.8331*** -0.0791 0.1563**
(0.0675) (0.0518) (0.1588) (0.1615) (0.1548) (0.0619) (0.0590)
Observations 4197 4156 3131 3083 3145 3277 3279
F statistic 24.3526 5.9191 4.6924 7.5238 13.4001 5.0295 4.6612
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0571* 0.0536* -0.0006 0.0635 -0.0423 -0.0251 0.0071
(0.0256) (0.0258) (0.0812) (0.0704) (0.0707) (0.0282) (0.0272)
Cognitive skills -0.0000 0.0651 0.2016 0.3829+ 0.2521 0.0887 0.1085*
(0.0499) (0.0617) (0.1583) (0.1957) (0.1558) (0.0568) (0.0530)
Non-cognitive skills 0.0928+ 0.1632* 0.5836*** 0.3908* 0.4616** -0.1403* -0.2607***
(0.0472) (0.0645) (0.1631) (0.1600) (0.1434) (0.0637) (0.0681)
Relative cogn. ability 0.3847*** 0.3920*** -0.2026* 0.2251* 0.6089*** -0.0542 0.0347
(0.0427) (0.0427) (0.0958) (0.1100) (0.1168) (0.0432) (0.0414)
Observations 4872 4818 3588 3535 3597 3777 3779
F statistic 36.1403 16.9909 5.7924 9.6062 20.1324 18.3461 4.5302
+ p<0.1, * p<0.05. The IV is percentage of comprehensive pupils in the individual’s LEA. Standard errors
clustered at LEA level in parentheses. All continuous outcomes are standardised. All control variables are
included.
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Table A17: 2SLS estimates for labour market outcomes.
Log hourly wage 33 Employed at 33 Log hourly wage 50 Employed at 50
Grammar vs comprehensive (high ability)
Grammar 0.1565* 0.1063** 0.0556 0.0453
(0.0688) (0.0349) (0.0969) (0.0323)
Cognitive skills 0.0001 0.0837 -0.0064 0.0670
(0.1662) (0.0990) (0.2769) (0.0911)
Non-cognitive skills 0.4243* 0.0291 0.7548* 0.1031
(0.2033) (0.1076) (0.2991) (0.0877)
Relative cogn. ability 0.6627*** 0.0783 0.7927*** -0.0074
(0.1203) (0.0707) (0.1542) (0.0508)
Observations 2460 3323 1551 2852
F statistic 25.2729 16.2169 8.0179 3.7896
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0546 0.0261 -0.0179 -0.0562+
(0.0583) (0.0267) (0.0771) (0.0318)
Cognitive skills 0.1859* 0.0483 0.0595 0.1214*
(0.0832) (0.0640) (0.1325) (0.0570)
Non-cognitive skills 0.2705* 0.1230* -0.0160 0.2118**
(0.1117) (0.0514) (0.1858) (0.0658)
Relative cogn. ability 0.3624*** 0.0502 0.4460*** 0.1076**
(0.0631) (0.0403) (0.0825) (0.0359)
Observations 2766 3821 1689 3230
F statistic 31.6327 13.4527 18.0886 6.6611
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. The IV is percentage of comprehensive pupils in the individual’s
LEA. Standard errors clustered at LEA level in parentheses. All continuous outcomes are standardised. All
control variables are included.
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Table A18: 2SLS estimates for health outcomes.
SAH Low mal. MIH BMI Chol r. Trig CRP Fib
Grammar vs comprehensive (high ability)
Grammar 0.0076 0.0802+ 0.0256 -0.2357* -0.0021 -0.0957 -0.0834 -0.0376
(0.0631) (0.0450) (0.0987) (0.1059) (0.1202) (0.0917) (0.0940) (0.1079)
Cognitive skills 0.2238+ 0.0723 -0.1827 -0.6264** -0.5397+ -0.5752+ -0.1335 -0.0611
(0.1270) (0.1141) (0.2923) (0.2336) (0.3030) (0.2973) (0.1975) (0.2835)
Non-cognitive skills 0.2247 0.1004 -0.6175* -0.4060 -0.3511 -0.2466 -0.2144 -0.5380+
(0.1613) (0.1245) (0.2927) (0.2829) (0.3538) (0.3497) (0.2157) (0.3126)
Relative cogn. ability 0.0970 0.1216 0.2424 -0.0065 -0.2198 -0.0850 -0.4713* -0.4247+
(0.1163) (0.0810) (0.1820) (0.2020) (0.1819) (0.2484) (0.1920) (0.2399)
Observations 2875 2854 2805 2759 2327 2333 2302 2295
F statistic 16.1225 9.0062 9.6329 4.6837 56.2504 49.0434 3.6831 3.7375
Observations 2875 2854 2787 2759 2327 2333 2302 2295
F statistic 1.3807 1.5620 1.4590 2.0726 7.1932 5.6424 0.5509 1.5584
Secondary modern vs comprehensive (low ability)
Secondary modern -0.0040 -0.0278 -0.0568 -0.0220 0.1321 0.0888 -0.0015 -0.0192
(0.0394) (0.0345) (0.0866) (0.0981) (0.0900) (0.0805) (0.1019) (0.0937)
Cognitive skills 0.0610 0.0376 -0.1484 -0.0853 -0.0251 -0.0820 -0.2522 -0.0478
(0.0834) (0.0771) (0.1622) (0.1882) (0.1989) (0.2210) (0.2130) (0.1734)
Non-cognitive skills 0.3458*** 0.3672*** -0.6105*** 0.1165 -0.2670 -0.2153 0.1944 0.0906
(0.0853) (0.0922) (0.1635) (0.1828) (0.2482) (0.2217) (0.2027) (0.1959)
Relative cogn. ability 0.1534** 0.1248** -0.1606 -0.1419 -0.0984 -0.0799 -0.1593 -0.4418***
(0.0549) (0.0463) (0.1220) (0.1327) (0.1296) (0.1090) (0.1466) (0.1178)
Observations 3250 3224 3203 3145 2665 2669 2634 2629
F statistic 11.9297 6.1111 5.8470 6.0740 16.5835 27.6837 4.0834 5.7843
+ p<0.1, * p<0.05, ** p<0.01, *** p<0.001. The IV is percentage of comprehensive pupils in the individual’s LEA.
Standard errors clustered at LEA level in parentheses. All continuous outcomes are standardised. All control variables
are included.
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A.3 Principal component analysis for cognitive
ability
Principal component analysis (PCA) finds linear combinations of the variables
of interest to explain the maximum variation possible, while reducing data di-
mensionality. PCA was used to construct a single index of cognitive ability for
ages 7, 11 and 16, based on the available tests. Note that in all cases the cor-
relation among the different test scores was high and positive, as shown in the
first table below. As a general rule (Kaiser’s rule), components are retained if
their associated eigenvalue exceeds 1. For the three indices, this was only the
case for the first component. The eigenvalues obtained by PCA are shown below.
Kaiser-Meyer-Olkin measures of sampling adequacy were calculated for the three
indices, in order to verify that PCA is indeed appropriate in this case.
Maths 7 Reading 7 Copy Design 7 Obs.
Maths 7 1.0000 13,546
Reading 7 0.5425 1.0000 13,576
Copy Design 7 0.3175 0.3377 1.0000 13,525
Maths 11 Reading 11 General ability 11 Obs.
Maths 11 1.0000 12,810
Reading 11 0.7480 1.0000 12,812
General ability 11 0.8096 0.7457 1.0000 12,813
Maths 16 Reading 16 Obs.
Maths 16 1.0000 10,536
Reading 16 0.6552 1.0000 10,596
Princ. comp. Eigenv. Cum. var. explained Test Fact. loadings
1 1.81 0.60 Maths 0.61
2 0.73 0.85 Reading 0.62
3 0.46 1.00 Copy designs 0.50
Maths and reading tests have similar factor loadings, while the one associated to
copying design test was lower. This 3-part index was preferred anyway, given
the values for the Kaiser-Meyer-Olkin sampling adequacy . The first component,
with eigenvalue 1.81, explains 0.60 of the variance. Alternatively, the principal
component for the two-part index would have eigenvalue 1.54 and explain 0.77 of
the variance.
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Princ. comp. Eigenv. Cum. var. explained Test Fact. loadings
1 2.54 0.85 Maths 0.58
2 0.27 0.94 Reading 0.56
3 0.19 1 General ability 0.58
Following Galindo-Rueda and Vignoles (2005), PCA was performed over different
combinations of test scores at age 11: by aggregating all five tests available, ex-
cluding copying designs, and finally aggregating together verbal and non-verbal
ability. The resulting predicted factor scores were found to be highly correlated,
and therefore, in the interest of parsimony, the latter combination was used for
the final age 11 ability index. The first principal component, with eigenvalue
2.54, explains 85% of the variance. Note that the three tests have similar load-
ings associated to them, which supports the idea that the NCDS ability tests can
mirror the 11-plus results.
Princ. comp. Eigenv. Cum. var. explained Test Fact. loadings
1 1.66 0.83 Maths 0.71
2 0.34 1 Reading 0.71
Both the age 16 tests have the same factor loading, and the first component, with
eigenvalue 1.66, explains 0.83 of the variance.
A.4 Details on outcome variables
Outcomes constructed by PCA
• Age 33 life satisfaction. Cohort members were asked to rate the following:
Happiness, all things considered (Not at all to Very), Satisfaction with way
life has turned out so far (0-10), Expected satisfaction with life in 10 years
(0-10).
• Age 33 self-efficacy. Cohort members were asked to say True or False to the
following: I never get what I want of life, I usually have control over life, I
can run my life as I want.
• Age 33 positive feelings about one’s job. Cohort members were asked to
rate the following from 1 to 5: I hang on to a job even if I don’t really
like it, Work requires me to keep learning new things, Work is monotonous
because always do same things, Present work skills will be valuable in 5
years.
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9-item Malaise Inventory
• Do you feel tired most of the time?
• Do you often feel miserable or depressed?
• Do you often get worried about things?
• Do you often get into a violent rage?
• Do you often suddenly become scared for no reason?
• Are you easily upset or irritated?
• Are you constantly keyed up and jittery?
• Does every little thing get on your nerves?
• Does your heart often race like mad?
Sources: Ploubidis et al. (2017) and Rutter et al. (1970).
A.5 Manning and Pischke’s falsification test
The NCDS provides test scores at ages 7, 11, and 16, obtained before primary
school, before secondary school, and after secondary school respectively. In the
true model, age 16 test scores are a function of ability, type of secondary school
(i.e. treatment of interest, here comprehensive attendance), and background
variables:
Y16i = β0 + β1A16i + β2Compi + β3Bi + 16i. (A.1)
Yet, all dimensions of ability are hardly observable in practice. In order to ad-
dress the problem of missing confounding variables in the estimation of educa-
tional outcomes, most value-added specifications model outcomes as a function of
prior student performance, school characteristics and other background covariates
(Galindo-Rueda and Vignoles, 2005):
Y16i = α0 + α1Y11i + α2Compi + α3Bi + η16i. (A.2)
A similar specification is assumed to hold for pre-secondary school educational
outcomes at age 11. As a ‘falsification test’, Manning and Pischke (2006) control
for comprehensive attendance, which should presumably not be a predictor of
pre-secondary school outcomes:
Y11i = γ0 + γ1Y7i + γ2Compi + γ3Bi + 11i. (A.3)
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If the estimate for β2 is significantly different from zero in the pre-treatment
sample, then there might be misspecification issues in A.3, and by similarity in
A.2 too. Manning and Pischke (2006) suggest that the estimate for α2 is not
picking up the treatment effect as intended, but that it suffers from selection
bias, due to omitted confounders, and measurement error in test scores. The
authors offer two alternative explanations of why β2 6= 0, which may rule out
selection bias. The first one refers to ‘coaching effects’ experienced at age 11 by
pupils in selective areas. The second one amounts to bias caused by measurement
error in age 7 maths score.
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Appendix B
Appendix to Chapter 3
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B.1 Appendix figures
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Figure B1: Histogram picturing children taking the NCDS ability tests by month (N=3448).
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Figure B2: The probability of dropping out of the sample is a smooth function of the distance
variable around the threshold (50 bins).
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Figure B3: The plotted covariates are smooth functions of the distance variable around the
threshold (50 bins).
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Figure B4: The covariate indices for predicted outcomes are smooth functions of the distance
variable around the threshold (50 bins).
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Figure B5: Probability of attending grammar as a function of distance from the cut-off, by sex,
father’s SES and mother’s interest in child education (25 bins for each category).
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B.2 Appendix tables
Table B1: Summary of related literature.
Outcomes
Country Educ. Labour Health Method
Abdulkadiroglu et al. (2014) United States x RDD
Atkinson et al. (2006) England x Matching and logistic regressions
Basu et al. (2018) England x IV
Bonhomme and Sauder (2011) England x VAR and DID
Burgess et al. (2017)* England x Matching and regressions
Burgess et al. (2019) England x Matching and regressions
Clark (2010) England x RDD
Del Bono and Clark (2016) Scotland x x Fertility RDD
Dobbie and Fryer (2014) United States x RDD
Dustmann et al. (2017) Germany x x RDD
Galindo-Rueda and Vignoles (2005)* England x VAR and IV
Guyon et al. (2012) Northern Ireland x RDD
Hall (2012) Sweden x x IV
Harmon and Walker (2000) England x OLS and IV
Jerrim and Sims (2018) England NCS Matching
Jerrim and Sims (2019) England NCS Matching and DID
Jones et al. (2011) England x Matching and regressions
Jones et al. (2012) England x FSD and distributional regressions
Kerckhoff (1986) England x OLS regressions
Kerr et al. (2013) Finland Skills DID
Kirabo Jackson (2010) Trinidad and Tobago x RDD
Manning and Pischke (2006)* England x VAR, IV and placebo tests
Maurin and McNally (2009)* England x Regressions with pre- and post-reform cohort
Pop-Eleches and Urquiola (2013) Romania x RDD
Unpublished working papers (*). Legend: Non-cognitive skills (NCS), Value-added regressions (VAR), instrumental variables (IV),
difference-in-differences (DID), first-order stochastic dominance (FSD).
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Table B2: Descriptive statistics of covariates for all individuals attending grammar or secondary
modern for whom we have age 11 ability test scores, by whether they subsequently drop out
from the sample.
All Dropped Observed
Cognitive ability index 0.27 -0.06 0.34
Non-cognitive skills 0.89 0.87 0.90
Father’s SES 3.00 2.81 3.01
Mother’s interest 2.16 1.95 2.20
Mother smoke preg. 1.51 1.55 1.50
Child morbidity 0.06 0.03 0.06
Observations 3448 632 2816
Mother interest in child education is on a scale from
1-Little interest to 4-Over concerned. Father’s SES is
on a scale from 1-Low to 5-High. Maternal smoking
during pregnancy is on a scale from 1-Non-smoker to
4-Heavy smoker.
Table B3: Probability of being observed in the age 16 survey as a function of ability scores and
other covariates, estimated via probit models on the total sample.
Probability: observed at age 16
Cognitive ability index 0.0332∗∗∗ 0.0157
(0.00877) (0.0104)
Non-cognitive skills 0.442∗∗∗
(0.118)
Father’s SES 0.0364∗
(0.0166)
Mother’s interest -0.000302
(0.0144)
Mother smoke preg. 0.0354∗
(0.0158)
Child morbidity 0.430
(0.404)
Constant 0.721∗∗∗ 0.144
(0.0137) (0.123)
Observations 10151 10151
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B4: Probability of dropping out from the sample and the LEA-specific threshold.
Probability(drop out)
1[A ≥ cLEA] 0.0484
(0.0929)
Distance -0.121∗∗∗
(0.0286)
Distance ×1[A ≥ cLEA] 0.0709
(0.0671)
Constant -1.035∗∗∗
(0.0596)
Observations 3448
Standard errors clustered at LEA level in paren-
theses. All controls included. ∗∗∗ p < 0.001
Table B5: Descriptive statistics of childhood characteristics and outcomes by type of secondary
school, contrasting whole sample to compliers (selected by MSE-optimal bandwidths for A-
levels).
Grammar Secondary modern
All Compliers All Compliers
Mean s.d. Mean s.d. Mean s.d. Mean s.d.
Cognitive skills 1.81 0.84 1.58 0.68 -0.35 1.20 0.40 0.79
Non-cognitive skills 0.94 0.08 0.94 0.08 0.88 0.12 0.91 0.09
Female 0.55 0.50 0.57 0.49 0.52 0.50 0.53 0.50
Mother’s interest 2.71 0.76 2.70 0.74 1.92 1.04 2.08 1.03
Father’s SES 3.33 0.91 3.30 0.90 2.85 0.81 2.95 0.81
Mother smoke preg. 1.37 0.77 1.37 0.76 1.55 0.90 1.46 0.84
Child morbidity 0.06 0.03 0.06 0.03 0.06 0.04 0.07 0.03
Observations 1091 723 1172 504
Mother interest in child education is on a scale from 1-Little interest to 4-Over
concerned. Father’s SES is on a scale from 1-Low to 5-High. Maternal smoking
during pregnancy is on a scale from 1-Non-smoker to 4-Heavy smoker.
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Table B6: First-stage regressions with pre-selected bandwidth for each outcome.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm) Pr(gramm)
Sample: Sample: Sample: Sample: Sample: Sample: Sample: Sample: Sample: Sample:
A-levels Degree Unemployed On benefits Log wage High SAH Low malaise BMI Chol Trig
1[A ≥ cLEA] 0.4637∗∗∗ 0.4535∗∗∗ 0.4361∗∗∗ 0.4444∗∗∗ 0.4507∗∗∗ 0.4692∗∗∗ 0.4608∗∗∗ 0.4717∗∗∗ 0.4434∗∗∗ 0.4388∗∗∗
(0.0340) (0.0344) (0.0402) (0.0310) (0.0514) (0.0550) (0.0473) (0.0574) (0.0617) (0.0623)
Distance 0.0461 0.0378 0.0181 0.0440 0.0213 0.0190 -0.0063 0.0364 0.0382 0.0353
(0.0288) (0.0286) (0.0393) (0.0250) (0.0587) (0.0773) (0.0529) (0.0868) (0.0912) (0.0953)
Distance × 0.1458∗∗∗ 0.1690∗∗∗ 0.2241∗∗∗ 0.1637∗∗∗ 0.2128∗∗ 0.1441 0.2178∗∗ 0.0989 0.1253 0.1467
1[A ≥ cLEA] (0.0388) (0.0391) (0.0538) (0.0340) (0.0787) (0.1048) (0.0711) (0.1151) (0.1221) (0.1268)
Non-cognitive skills 0.2714∗∗ 0.3231∗∗∗ 0.3710∗∗ 0.2973∗∗∗ 0.4167∗∗ 0.5884∗∗∗ 0.5720∗∗∗ 0.3672∗ 0.2375 0.2491
(0.0931) (0.0956) (0.1154) (0.0853) (0.1578) (0.1601) (0.1427) (0.1685) (0.1848) (0.1882)
Female 0.0371∗ 0.0228 0.0243 0.0344∗ 0.0312 0.0494 0.0323 0.0644∗ 0.0560 0.0619
(0.0177) (0.0181) (0.0210) (0.0162) (0.0267) (0.0287) (0.0245) (0.0299) (0.0323) (0.0328)
Mother’s interest 0.0517∗∗∗ 0.0463∗∗∗ 0.0606∗∗∗ 0.0510∗∗∗ 0.0677∗∗∗ 0.0353∗ 0.0524∗∗∗ 0.0534∗∗ 0.0567∗∗ 0.0593∗∗
(0.0097) (0.0098) (0.0115) (0.0089) (0.0150) (0.0163) (0.0140) (0.0166) (0.0179) (0.0181)
Father’s SES 0.0363∗∗∗ 0.0361∗∗∗ 0.0360∗∗ 0.0373∗∗∗ 0.0309∗ 0.0525∗∗ 0.0436∗∗ 0.0367∗ 0.0627∗∗ 0.0611∗∗
(0.0103) (0.0107) (0.0123) (0.0096) (0.0157) (0.0168) (0.0145) (0.0177) (0.0193) (0.0196)
Mother smoke preg. -0.0029 0.0003 0.0098 -0.0036 0.0120 0.0032 0.0094 -0.0079 0.0006 -0.0002
(0.0106) (0.0107) (0.0129) (0.0096) (0.0161) (0.0173) (0.0150) (0.0181) (0.0192) (0.0194)
Child morbidity -0.1116 -0.0096 -0.1463 -0.1204 0.0677 -0.1290 -0.2371 -0.0769 -0.0930 -0.0999
(0.2628) (0.2685) (0.3118) (0.2435) (0.3974) (0.4128) (0.3595) (0.4291) (0.4699) (0.4754)
Constant -0.3472∗∗∗ -0.4009∗∗∗ -0.4924∗∗∗ -0.3771∗∗∗ -0.5561∗∗∗ -0.6931∗∗∗ -0.6929∗∗∗ -0.4705∗∗ -0.4481∗ -0.4625∗
(0.0962) (0.0983) (0.1169) (0.0878) (0.1573) (0.1586) (0.1401) (0.1699) (0.1853) (0.1892)
Obs. in bandwidth 1599 1538 1213 1849 791 771 974 716 605 592
Total obs. available 2505 2352 2116 2816 1553 1869 1865 1786 1498 1500
Bootstrapped standard errors clustered at LEA level in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B7: Human capital outcomes: reduced form regressions with automatically selected
bandwidth.
(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log wage
1[A ≥ cLEA] 0.121∗∗∗ 0.0663∗ 0.00119 -0.0202 0.0313
(0.0365) (0.0312) (0.0194) (0.0225) (0.0757)
Distance 0.0295 -0.00770 0.00520 0.00702 0.0877
(0.0309) (0.0259) (0.0190) (0.0181) (0.0863)
Distance ×1[A ≥ cLEA] 0.174∗∗∗ 0.164∗∗∗ -00702 0.00107 0.00206
(0.0417) (0.0355) (0.0259) (0.0247) (0.116)
Non-cognitive skills 0.166 0.159 -0.147∗∗ -0.205∗∗∗ 0.341
(0.100) (0.0868) (0.0556) (0.0618) (0.232)
Female -0.0219 -0.0233 -0561 0.0462∗∗∗ -0.468∗∗∗
(0.0190) (0.0164) (0.0101) (0.0118) (0.0393)
Mother’s interest 0.0346∗∗∗ 0.0185∗ 0.00201 -0.00992 0.0446∗
(0.0104) (0.00886) (0.00556) (0.00643) (0.0221)
Father’s SES 0.0880∗∗∗ 0.0616∗∗∗ 0.00202 -0.0108 0.0882∗∗∗
(0.0111) (0.00970) (0.00592) (0.00695) (0.0231)
Mother smoke preg. -0.00184 -0.00283 0.00963 -0.00632 -0.0122
(0.0114) (0.00972) (0.00622) (0.00696) (0.0237)
Child morbidity -0.352 -0.438 0.268 -0.0494 -1.118
(0.282) (0.244) (0.150) (0.177) (0.585)
Constant -0.368∗∗∗ -0.298∗∗∗ 0.124∗ 0.309∗∗∗ 1.456∗∗∗
(0.103) (0.0892) (0.0564) (0.0637) (0.232)
F statistic 55.537 30.528 1.518 3.750 22.326
Tot obs. available 2505 2352 2116 2816 1553
Obs. in bandwidth 1599 1538 1213 1849 791
Bandwidth 1.565 1.605 1.330 1.658 1.141
Bootstrapped standard errors clustered at LEA level in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B8: Health outcomes: reduced form regressions with automatically selected bandwidth.
(6) (7) (8) (9) (10)
High SAH Low malaise BMI Chol Trig
1[A ≥ cLEA] 0.0213 -0.0346 -0.269 -0.176 -0.352
(0.0698) (0.0502) (0.686) (0.168) (0.217)
Distance 0.0565 0.0334 1.445 0.188 0.712∗
(0.0980) (0.0561) (1.037) (0.249) (0.332)
Distance ×1[A ≥ cLEA] 0.00388 -0.0665 -2.735∗ -0.387 -0.991∗
(0.133) (0.0754) (1.375) (0.333) (0.442)
Non-cognitive skills 0.212 0.0637 -1.432 -0.176 -0.556
(0.203) (0.151) (2.015) (0.504) (0.656)
Female 0.0415 -0.117∗∗∗ -0.868∗ -0.993∗∗∗ -0.973∗∗∗
(0.0364) (0.0260) (0.357) (0.0881) (0.114)
Mother’s interest 0.0322 0.00416 -0.279 -0.0275 0.0887
(0.0206) (0.0148) (0.198) (0.0488) (0.0633)
Father’s SES 0.0677∗∗ 0.0106 -0.917∗∗∗ -0.0981 -0.146∗
(0.0213) (0.0153) (0.212) (0.0526) (0.0682)
Mother smoke preg. -0.0151 -0.0240 0520 -0.0741 0.00420
(0.0219) (0.0159) (0.217) (0.0524) (0.0677)
Child morbidity -0.218 0.330 6.785 0.514 0.442
(0.523) (0.381) (5.129) (1.281) (1.658)
Constant 0.0794 0.818∗∗∗ 32.56∗∗∗ 5.282∗∗∗ 3.686∗∗∗
(0.201) (0.149) (2.031) (0.505) (0.660)
F statistic 3.580 3.060 4.678 17.263 10.599
Tot obs. available 1869 1865 1786 1498 1500
Obs. in bandwidth 771 974 716 605 592
Bandwidth 0.913 1.156 0.865 0.875 0.859
Bootstrapped standard errors clustered at LEA level in parentheses.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B9: All outcomes: bias-corrected model with placebo threshold at 0.2 and pre-selected bandwidth.
(1) (2) (3) (4) (5)
A-levels Degree On benefits Unemployed Log hrly wage
Grammar -0.0816 -0.3967 -0.3376 -0.1413 -1.5108
(0.5100) (0.5821) (0.2803) (0.3020) (1.5986)
Robust 95% CI [-1.092 , 1.016] [-1.563 , .92] [-.89 , .268] [-.762 , .507] [-4.667 , 2.021]
Bandwidth 0.9349 0.9147 0.9618 0.8183 0.9070
Left of c 491 482 585 376 310
Right of c 523 467 582 378 326
Available obs. 2505 2352 2816 2116 1553
First-stage estimate -0.1577 -0.1386 -0.1509 -0.1169 -0.1267
First-stage s.e. (0.0818) (0.0865) (0.0762) (0.0945) (0.1039)
(6) (7) (8) (9) (10)
SAH Malaise BMI Chol Trig
Grammar -0.2315 -0.2373 -11.5633 3.4154 1.9289
(0.7876) (0.3950) (11.7821) (6.5251) (3.2341)
Robust 95% CI [-1.829 , 1.441] [-1.105 , .544] [-35.893 , 13.976] [-12.128 , 15.272] [-5.511 , 8.091]
Bandwidth 1.0325 0.6922 0.8501 1.0942 0.9881
Left of c 419 292 342 370 343
Right of c 463 315 365 373 347
Available obs. 1869 1865 1786 1498 1500
First-stage estimate -0.1256 -0.2219+ -0.1345 -0.0570 -0.1024
First-stage s.e. (0.0886) (0.1083) (0.1039) (0.0934) (0.0987)
Bootstrapped standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.
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Table B10: All outcomes: bias-corrected model with donut exclusion around the threshold and pre-selected bandwidth.
(1) (2) (3) (4) (5)
A-levels Degree Unemployed On benefits Log gross income
Grammar 0.2971** 0.2549*** 0.0459 -0.2032* 0.1986
(0.0942) (0.0730) (0.0471) (0.0962) (0.1922)
Robust 95% CI [.079 , .522] [.114 , .454] [-.076 , .148] [-.478 , -.028] [-.138 , .764]
Bandwidth 1.0844 0.9915 1.0621 0.8253 0.9329
Left of c 454 396 405 365 245
Right of c 611 525 515 532 351
Total obs. available 2393 2246 2020 2691 1481
First-stage estimate 0.4603*** 0.4646*** 0.4631*** 0.4565*** 0.4802***
First-stage s.e. (0.0476) (0.0526) (0.0521) (0.0526) (0.0638)
(6) (7) (8) (9) (10)
SAH Malaise BMI Chol Trig
Grammar 0.2648+ 0.1737 -1.9302 -0.3216 -0.4039
(0.1569) (0.1300) (1.6181) (0.3737) (0.4772)
Robust 95% CI [-.146 , .604] [-.16 , .475] [-6.172 , 1.741] [-1.288 , .531] [-1.577 , .653]
Bandwidth 1.0875 1.1027 1.1017 1.0264 0.8518
Left of c 365 366 355 268 210
Right of c 486 491 460 363 307
Total obs. available 1778 1774 1696 1421 1422
First-stage estimate 0.4605*** 0.4584*** 0.4673*** 0.5030*** 0.5245***
First-stage s.e. (0.0545) (0.0543) (0.0554) (0.0609) (0.0674)
Bootstrapped standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.
+ p < 0.1, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table B11: Mechanisms: local polynomial regressions with each channel as the treatment
variable and pre-selected bandwidth.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
A-levels Degree On benefits Unemployed Log wage High SAH Low malaise BMI Chol Trig
High % girls taking GCE only 0.4172∗∗ 0.2478∗ -0.0825 0.0054 0.1661 0.0829 -0.1329 -1.1138 -0.7539 -1.4296
(0.1331) (0.1101) (0.0966) (0.0960) (0.3989) (0.2889) (0.1562) (3.0151) (0.6853) (1.3547)
First-stage F 41.214 28.683 33.790 15.891 8.451 17.277 21.020 11.720 8.285 8.717
Obs. in bandwidth 1599 1538 1849 1213 791 771 974 716 605 592
Total obs. 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Bandwidth 1.565 1.605 1.658 1.330 1.141 0.913 1.156 0.865 0.875 0.859
High % girls taking CSE only -0.8902∗ -0.5080 0.1305 -0.0067 -0.1845 -0.1003 0.2212 1.1938 0.7565 1.6497
(0.4448) (0.2914) (0.1456) (0.1190) (0.4489) (0.3489) (0.2857) (3.2960) (0.6736) (1.5036)
First-stage F 6.374 5.390 10.306 12.188 7.142 8.674 6.595 9.618 7.840 6.431
Obs. in bandwidth 1599 1538 1849 1213 791 771 974 716 605 592
Total obs. 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Bandwidth 1.565 1.605 1.658 1.330 1.141 0.913 1.156 0.865 0.875 0.859
Single sex 0.6837∗ 0.3487∗ -0.1243 0.0066 0.1292 0.0985 -0.1496 -1.2712 -0.9652 -1.9741
(0.2661) (0.1673) (0.1508) (0.1169) (0.3158) (0.3537) (0.1765) (3.4350) (0.9081) (2.1981)
First-stage F 11.212 14.759 11.035 9.210 12.877 10.722 14.376 8.483 5.532 5.084
Obs. in bandwidth 1599 1538 1849 1213 791 771 974 716 605 592
Total obs. 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Bandwidth 1.565 1.605 1.658 1.330 1.141 0.913 1.156 0.865 0.875 0.859
High % teachers left -0.9574 -0.6141 0.1795 -0.0074 -0.2080 -0.1108 0.1858 1.4043 0.8584 1.4964
(0.5198) (0.4043) (0.2432) (0.1313) (0.5329) (0.3888) (0.2218) (3.7613) (0.7489) (1.3664)
First-stage F 5.615 4.482 5.897 8.663 4.440 9.596 8.741 9.833 10.884 14.898
Obs. in bandwidth 1599 1538 1849 1213 791 771 974 716 605 592
Total obs. 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Bandwidth 1.565 1.605 1.658 1.330 1.141 0.913 1.156 0.865 0.875 0.859
Teachers get career training -4.1580 -1.7195 0.5890 -0.0954 -11.5276 3.8245 -3.3656 5.0986 5.2047 9.9846
(6.2892) (2.2078) (0.8578) (1.7259) (276.7844) (42.9072) (18.4158) (16.2308) (10.8415) (20.7151)
First-stage F 0.457 0.620 0.564 0.057 0.002 0.009 0.032 0.662 0.249 0.281
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Obs. in bandwidth 1599 1538 1849 1213 791 771 974 716 605 592
Total obs. 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Bandwidth 1.565 1.605 1.658 1.330 1.141 0.913 1.156 0.865 0.875 0.859
School lacks facilities -3.7742 -1.8606 0.3244 -0.0587 -1.2464 0.8569 -30.6583 12.6112 3.8745 6.1536
(6.6113) (2.9943) (0.5008) (1.0068) (4.4207) (3.6628) (1907.1377) (62.5648) (8.0264) (10.3551)
First-stage F 0.316 0.406 1.471 0.105 0.117 0.076 0.000 0.059 0.268 0.397
Obs. in bandwidth 1599 1538 1849 1213 791 771 974 716 605 592
Total obs. 2505 2352 2816 2116 1553 1869 1865 1786 1498 1500
Bandwidth 1.565 1.605 1.658 1.330 1.141 0.913 1.156 0.865 0.875 0.859
Standard errors clustered at LEA level in parentheses.
∗ p < 0.05, ∗∗ p < 0.01
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Table B12: Mechanisms: bias-corrected model with each channel as the treatment variable
and pre-selected bandwidth.
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
A-levels Degree On benefits Unemployed Log wage High SAH Low malaise BMI Chol Trig
Higher than median % girls taking GCE only
Discontinuity 0.5025* 0.3884* -0.0365 -0.2596+ 0.2828 0.0714 -0.1885 -1.2041 -0.4677 -1.2134
(0.2105) (0.1600) (0.1023) (0.1429) (0.4186) (0.2600) (0.1856) (2.8831) (0.6967) (1.1621)
Left of c 337 378 352 438 280 320 373 325 241 338
Right of c 442 458 405 535 339 407 455 407 295 398
Higher than median % girls taking CSE only
Discontinuity -0.7563+ -0.6780+ 0.0409 0.3354+ -0.4533 -0.1914 0.4504 0.9677 0.4133 1.6003
(0.4153) (0.3691) (0.1146) (0.2014) (0.4572) (0.3738) (0.2785) (2.9436) (0.7854) (1.5920)
Left of c 467 375 346 436 248 293 269 335 166 309
Right of c 574 455 402 528 312 374 348 425 224 367
Single sex school
Discontinuity 0.6327** 0.5193* -0.3406+ -0.0909 0.2045 0.1307 -0.3194 -1.2002 -0.5879 -1.6697
(0.2314) (0.2278) (0.1824) (0.1583) (0.3120) (0.3191) (0.2359) (3.2684) (0.9138) (1.7099)
Left of c 643 367 654 370 328 359 338 331 247 338
Right of c 761 450 761 428 394 444 421 417 302 398
Above median % teachers left last year
Discontinuity -0.5753+ -0.6258+ 0.2899 0.0392 -0.8772 -0.4102 0.2209 1.7113 0.3898 1.3811
(0.2999) (0.3527) (0.1835) (0.1089) (0.8789) (0.3586) (0.2604) (3.4202) (0.9788) (1.2791)
Left of c 339 404 394 375 189 437 365 309 170 263
Right of c 445 489 482 432 246 533 446 395 232 324
Teachers get career training
Discontinuity -2.4145 -2.5510 3.0667 0.7119 16.8045 9.1015 -3.9013 5.3745 4.4776 7.8048
(2.6392) (3.2847) (8.2704) (2.1193) (270.4987) (202.0571) (20.3786) (13.6316) (8.6578) (12.3329)
Left of c 456 367 604 368 271 348 439 325 304 282
Right of c 562 450 700 423 335 435 541 411 364 343
School lacks facilities
Discontinuity 14.2627 -7.9431 3.6914 0.4250 3.8620 0.8734 -5.0617 34.3283 0.3860 4.6515
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(117.9655) (41.7723) (17.3504) (1.9382) (30.5857) (5.3048) (26.9486) (273.9775) (2.5323) (6.6731)
Left of c 420 436 479 342 291 327 322 309 218 298
Right of c 528 511 577 399 356 414 411 394 273 360
Standard errors clustered at LEA level in parentheses. Covariates included and omitted from the table.+ p < 0.1, ∗ p < 0.05
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C.1 Appendix tables
Table C1: Determinants of fixed effects (behavioural outcomes).
Dependent variable: fixed effects (predicted from Eq 4.2)
Smokes Age first drink Junk food Tried drugs Truant Sedentary
Sibship size=3 0.0262* -0.0456 -0.0295 0.0039 0.0225* 0.0877+
(0.0111) (0.0542) (0.0191) (0.0089) (0.0112) (0.0469)
Sibship size=4 0.0457** 0.2350*** -0.0453+ -0.0221* -0.0013 0.1902**
(0.0141) (0.0697) (0.0235) (0.0100) (0.0138) (0.0595)
Mother’s age at birth 0.0036* 0.0463*** -0.0030 0.0005 0.0059*** -0.0296***
(0.0018) (0.0062) (0.0027) (0.0012) (0.0015) (0.0064)
Mother’s birth year 0.0056*** 0.0423*** 0.0065** 0.0019+ 0.0089*** -0.0370***
(0.0016) (0.0045) (0.0024) (0.0011) (0.0013) (0.0055)
Mother’s highest qual 0.0018 0.0109 -0.0155** 0.0030 -0.0038 -0.0752***
(0.0036) (0.0169) (0.0057) (0.0026) (0.0035) (0.0150)
Family income -0.0134 -0.0586 0.0238 -0.0040 0.0041 -0.0456
(0.0091) (0.0504) (0.0153) (0.0077) (0.0092) (0.0388)
Not white 0.0015 0.4821*** -0.1533*** -0.0536*** 0.0307* -0.0844
(0.0129) (0.0654) (0.0229) (0.0092) (0.0136) (0.0568)
North East 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
(.) (.) (.) (.) (.) (.)
North West 0.0160 -1.6444*** -0.0135 0.0066 -0.0482+ 1.5466***
(0.0288) (0.1439) (0.0528) (0.0183) (0.0278) (0.1259)
Yorks. & Humb. 0.0093 -0.0030 -0.0297 0.0274 0.0106 0.0077
(0.0287) (0.1466) (0.0549) (0.0174) (0.0291) (0.1303)
East Midlands -0.9732*** 1.2251*** -1.3796*** 0.0300+ -1.3808*** -0.1364
(0.0288) (0.1564) (0.0540) (0.0179) (0.0286) (0.1275)
West Midlands 0.0381 0.1382 -0.0292 0.0546** -0.9297*** 2.0145***
(0.0308) (0.1570) (0.0540) (0.0175) (0.0299) (0.1306)
East of England 0.0122 0.0198 -0.1038+ 0.0492* -0.0158 -0.0479
(0.0283) (0.1459) (0.0544) (0.0193) (0.0276) (0.1239)
London -0.0040 0.0390 -0.2543*** 0.0690*** -0.8116*** -0.0336
(0.0275) (0.1466) (0.0527) (0.0185) (0.0289) (0.1253)
South East 0.0082 1.2438*** -0.1672** 0.0170 -1.0251*** -2.2308***
(0.0266) (0.1456) (0.0513) (0.0165) (0.0270) (0.1215)
South West 0.0161 -0.0037 -0.0933+ 0.0388* 0.0541+ -0.0743
(0.0302) (0.1549) (0.0559) (0.0193) (0.0324) (0.1293)
Wales -0.0157 -0.0208 -0.0375 0.0292 0.0630 -0.0751
(0.0357) (0.1661) (0.0626) (0.0241) (0.0390) (0.1418)
Scotland 0.0144 0.2693+ 0.0345 0.0319 0.0875** -0.1914
(0.0320) (0.1548) (0.0572) (0.0213) (0.0337) (0.1319)
Northern Ireland -0.0080 0.2635 -0.0135 0.0139 0.0218 -0.1495
(0.0323) (0.1647) (0.0589) (0.0201) (0.0332) (0.1330)
Lone parent HH 0.0381* -0.0687 0.0410+ 0.0100 0.0737*** 0.2018***
(0.0158) (0.0649) (0.0223) (0.0110) (0.0150) (0.0592)
Constant -11.0194*** -84.4424*** -12.6634** -3.7166 -17.4007*** 74.3669***
(3.2835) (8.9775) (4.8530) (2.2615) (2.6394) (11.0991)
Observations 2449 3703 3742 3103 4172 3967
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C2: Determinants of fixed effects (non-cognitive skills).
Dependent variable: fixed effects (predicted from Eq 4.2)
Prosocial Interalising Externalising
Sibship size=3 -0.2415*** -0.1913 0.1158
(0.0691) (0.1245) (0.1380)
Sibship size=4 -0.4189*** -0.1852 -0.0764
(0.0847) (0.1541) (0.1673)
Mother’s age at birth 0.0175+ 0.0663*** 0.0892***
(0.0099) (0.0177) (0.0202)
Mother’s birth year 0.0121 0.1012*** 0.1739***
(0.0089) (0.0157) (0.0174)
Mother’s highest qual 0.0265 -0.0517 -0.0551
(0.0215) (0.0374) (0.0429)
Family income 0.0308 -0.1258 0.0454
(0.0599) (0.1005) (0.1109)
Not white -0.5918*** 0.1472 0.4237*
(0.0806) (0.1449) (0.1713)
North East 0.0000 0.0000 0.0000
(.) (.) (.)
North West 0.1688 -5.1397*** 3.8289***
(0.1763) (0.3614) (0.3804)
Yorks. & Humb. -0.0362 -0.4056 -0.0291
(0.1782) (0.3589) (0.3883)
East Midlands -10.8667*** -4.4937*** -4.0859***
(0.1783) (0.3688) (0.3863)
West Midlands -0.1171 0.0082 0.0164
(0.1822) (0.3686) (0.3849)
East of England 0.0150 0.1122 0.0882
(0.1828) (0.3672) (0.3720)
London -3.1548*** -10.5801*** -5.9223***
(0.1748) (0.3491) (0.3765)
South East -1.6719*** -7.0691*** -7.7518***
(0.1721) (0.3479) (0.3605)
South West -0.1281 0.0659 0.2161
(0.1804) (0.3633) (0.3875)
Wales -0.0574 -0.6290 -0.1730
(0.2289) (0.3999) (0.4593)
Scotland -0.0389 -0.2237 -0.1694
(0.1920) (0.3872) (0.4050)
Northern Ireland 0.1738 -0.5895 0.1779
(0.1913) (0.3927) (0.4128)
Lone parent HH -0.2112* -0.0424 0.2864+
(0.0837) (0.1440) (0.1610)
Constant -22.7506 -196.3439*** -343.4592***
(17.7140) (31.5203) (34.7574)
Observations 3750 3745 3746
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C3: Birth order interacted with sex and risky behaviours
Smokes Age started drinking Junk food
Female 0.0150 0.0224 -0.0035 -0.0098 -0.0321+ -0.0702*
(0.0104) (0.0181) (0.0576) (0.0963) (0.0194) (0.0311)
Second child 0.0302** 0.0264 -0.1016+ -0.2937** 0.0734*** 0.0219
(0.0107) (0.0217) (0.0577) (0.1000) (0.0197) (0.0345)
Third child 0.0402* 0.0158 -0.2770** -0.5237** 0.0842** -0.0167
(0.0161) (0.0369) (0.0864) (0.1674) (0.0286) (0.0558)
Fourth child 0.0439 -0.0029 -0.4046** -0.9470*** 0.0502 -0.0359
(0.0272) (0.0599) (0.1309) (0.2480) (0.0468) (0.0869)
Second × Female -0.0234 -0.0267 -0.0197 0.0838 -0.0252 0.0092
(0.0152) (0.0229) (0.0788) (0.1261) (0.0275) (0.0419)
Third × Female -0.0195 -0.0265 0.1404 0.0991 0.0293 0.1127*
(0.0205) (0.0316) (0.1065) (0.1685) (0.0367) (0.0537)
Fourth × Female -0.0259 -0.0322 0.0824 0.2720 0.1268* 0.1691+
(0.0345) (0.0657) (0.1687) (0.3040) (0.0614) (0.0934)
Fixed-effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4077 4077 6123 6123 6204 6204
Tried drugs Play truant Sedentary behaviour
Female -0.0115 -0.0102 -0.0019 -0.0010 0.4855*** 0.5139***
(0.0074) (0.0135) (0.0112) (0.0185) (0.0501) (0.0799)
Second child 0.0197* 0.0402* 0.0229* 0.0370+ -0.0216 -0.1336
(0.0089) (0.0159) (0.0116) (0.0212) (0.0511) (0.0857)
Third child 0.0228+ 0.0514* 0.0278 0.0785* 0.0754 -0.1101
(0.0127) (0.0232) (0.0179) (0.0344) (0.0746) (0.1472)
Fourth child 0.0115 0.0821* 0.0172 0.1270* -0.1383 -0.2605
(0.0203) (0.0381) (0.0283) (0.0520) (0.1223) (0.2275)
Second × Female -0.0041 -0.0168 -0.0026 0.0119 0.0060 -0.0546
(0.0116) (0.0184) (0.0161) (0.0256) (0.0688) (0.1035)
Third × Female -0.0027 -0.0006 -0.0112 -0.0368 -0.0140 -0.1940
(0.0159) (0.0239) (0.0222) (0.0336) (0.0933) (0.1426)
Fourth × Female 0.0121 -0.0356 -0.0433 -0.1087* 0.1714 0.0176
(0.0256) (0.0473) (0.0343) (0.0526) (0.1545) (0.2433)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 5188 5188 6930 6930 6596 6596
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C4: Birth order interacted with mother’s education and risky behaviours
Smokes Age started drinking Junk food
Mother has a degree 0.0197+ 0.0000 0.0149 0.0000 -0.0685** 0.0000
(0.0117) (.) (0.0671) (.) (0.0227) (.)
Second child 0.0233* 0.0113 -0.1368** -0.2953*** 0.0547*** 0.0156
(0.0091) (0.0207) (0.0464) (0.0818) (0.0158) (0.0287)
Third child 0.0355* -0.0041 -0.2114** -0.4748** 0.1107*** 0.0436
(0.0138) (0.0367) (0.0727) (0.1576) (0.0239) (0.0534)
Fourth child 0.0407+ -0.0298 -0.3841*** -0.7979** 0.1144** 0.0493
(0.0234) (0.0627) (0.1149) (0.2463) (0.0400) (0.0804)
Second × Mother has a degree -0.0178 0.0057 0.1170 0.1349 0.0259 0.0340
(0.0156) (0.0206) (0.0853) (0.1088) (0.0293) (0.0356)
Third × Mother has a degree -0.0211 0.0269 0.0473 -0.0643 -0.0585 -0.0491
(0.0231) (0.0355) (0.1305) (0.1824) (0.0440) (0.0634)
Fourth × Mother has a degree -0.0533* 0.0683 0.1367 -0.3384 -0.0271 -0.1243
(0.0257) (0.0487) (0.1659) (0.3204) (0.0851) (0.1344)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4077 4077 6123 6123 6204 6204
Tried drugs Play truant Sedentary behaviour
Mother has a degree 0.0077 0.0000 -0.0163 0.0000 -0.1500* 0.0000
(0.0087) (.) (0.0120) (.) (0.0582) (.)
Second child 0.0178** 0.0376** 0.0159 0.0350* -0.0045 -0.1606*
(0.0068) (0.0132) (0.0098) (0.0179) (0.0409) (0.0724)
Third child 0.0223* 0.0563* 0.0240 0.0594+ 0.1343* -0.1403
(0.0099) (0.0231) (0.0150) (0.0314) (0.0630) (0.1429)
Fourth child 0.0192 0.0706+ -0.0006 0.0736 -0.0431 -0.1767
(0.0172) (0.0406) (0.0229) (0.0478) (0.1006) (0.2144)
Second × Mother has a degree -0.0003 -0.0185 0.0274 0.0305 -0.0231 0.0178
(0.0134) (0.0161) (0.0174) (0.0200) (0.0724) (0.0854)
Third × Mother has a degree -0.0049 -0.0137 0.0003 0.0022 -0.2170+ -0.2612+
(0.0190) (0.0264) (0.0253) (0.0342) (0.1107) (0.1510)
Fourth × Mother has a degree -0.0110 -0.0038 -0.0047 0.0423 0.1147 -0.3044
(0.0325) (0.0439) (0.0413) (0.0656) (0.1924) (0.2862)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 5571 5571 7459 7459 4484 4484
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C5: Birth order interacted with family income and risky behaviours
Smokes Age started drinking Junk food
Family income > median -0.0071 0.0000 0.0438 0.0000 0.0009 0.0000
(0.0109) (.) (0.0627) (.) (0.0213) (.)
Second child 0.0160 0.0006 -0.0987+ -0.2793** 0.0404* 0.0179
(0.0117) (0.0220) (0.0560) (0.0922) (0.0192) (0.0317)
Third child 0.0436* -0.0000 -0.1758* -0.5434** 0.0950*** 0.0367
(0.0174) (0.0387) (0.0864) (0.1689) (0.0286) (0.0581)
Fourth child 0.0419 -0.0574 -0.2342+ -0.8702** 0.0920+ -0.0156
(0.0277) (0.0670) (0.1382) (0.2735) (0.0477) (0.0897)
Second × Fam. inc. > med. 0.0047 0.0280 -0.0265 0.0413 0.0398 0.0106
(0.0147) (0.0183) (0.0756) (0.0980) (0.0258) (0.0316)
Third × Fam. inc. > med. -0.0279 0.0111 -0.0672 0.1168 0.0060 -0.0122
(0.0206) (0.0333) (0.1070) (0.1602) (0.0364) (0.0531)
Fourth × Fam. inc. > med. -0.0226 0.1120 -0.2894+ 0.0314 0.0353 0.1017
(0.0337) (0.0705) (0.1682) (0.2901) (0.0618) (0.0966)
Fixed-effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4077 4077 6123 6123 6204 6204
Tried drugs Play truant Sedentary behaviour
Family income > median -0.0088 0.0000 -0.0136 0.0000 -0.0941+ 0.0000
(0.0082) (.) (0.0123) (.) (0.0553) (.)
Second child 0.0112 0.0264+ 0.0212+ 0.0291 -0.0369 -0.1335
(0.0086) (0.0144) (0.0124) (0.0206) (0.0512) (0.0820)
Third child 0.0111 0.0428+ 0.0273 0.0649+ 0.0827 -0.0877
(0.0117) (0.0241) (0.0181) (0.0347) (0.0746) (0.1534)
Fourth child 0.0138 0.0448 -0.0166 0.0864 -0.1353 0.0092
(0.0201) (0.0502) (0.0264) (0.0547) (0.1194) (0.2294)
Second × Fam. inc. > med. 0.0124 0.0091 0.0008 0.0270 0.0332 -0.0388
(0.0116) (0.0144) (0.0159) (0.0193) (0.0671) (0.0818)
Third × Fam. inc. > med. 0.0208 0.0138 -0.0105 -0.0088 -0.0345 -0.2182
(0.0160) (0.0220) (0.0221) (0.0325) (0.0943) (0.1429)
Fourth × Fam. inc. > med. 0.0054 0.0421 0.0306 -0.0128 0.1747 -0.5303*
(0.0258) (0.0450) (0.0347) (0.0561) (0.1538) (0.2468)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 5188 5188 6930 6930 6596 6596
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C6: Birth order interacted with ethnicity and risky behaviours
Smokes Age started drinking Junk food
Not white -0.0231+ 0.0000 0.2922*** 0.0000 -0.0349 0.0000
(0.0121) (.) (0.0710) (.) (0.0238) (.)
Second child 0.0217* 0.0090 -0.1259** -0.2241** 0.0732*** 0.0267
(0.0090) (0.0201) (0.0460) (0.0800) (0.0157) (0.0285)
Third child 0.0361* -0.0150 -0.2057** -0.3447* 0.1166*** 0.0421
(0.0149) (0.0355) (0.0753) (0.1503) (0.0248) (0.0533)
Fourth child 0.0224 -0.0401 -0.4165*** -0.7178** 0.0867* 0.0324
(0.0243) (0.0710) (0.1222) (0.2493) (0.0426) (0.0852)
Second × Not white -0.0120 0.0174 0.0605 -0.1264 -0.0510+ -0.0081
(0.0160) (0.0194) (0.0878) (0.1159) (0.0299) (0.0376)
Third × Not white -0.0165 0.0571+ -0.0037 -0.4473* -0.0665+ -0.0294
(0.0210) (0.0339) (0.1173) (0.1788) (0.0403) (0.0580)
Fourth × Not white 0.0269 0.0659 0.1495 -0.3896 0.0611 -0.0061
(0.0371) (0.0648) (0.1790) (0.2876) (0.0672) (0.1003)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4077 4077 6123 6123 6204 6204
Tried drugs Play truant Sedentary behaviour
Not white -0.0131 0.0000 -0.0105 0.0000 0.0031 0.0000
(0.0090) (.) (0.0138) (.) (0.0628) (.)
Second child 0.0227** 0.0352** 0.0233* 0.0506** -0.0089 -0.1673*
(0.0071) (0.0136) (0.0096) (0.0172) (0.0400) (0.0708)
Third child 0.0248* 0.0395+ 0.0288+ 0.0673* 0.1243+ -0.1484
(0.0107) (0.0227) (0.0155) (0.0316) (0.0663) (0.1429)
Fourth child 0.0222 0.0884* -0.0154 0.0784 -0.1281 -0.3435
(0.0198) (0.0410) (0.0235) (0.0481) (0.1052) (0.2216)
Second × Not white -0.0217+ -0.0179 -0.0061 -0.0264 -0.0386 0.0483
(0.0120) (0.0152) (0.0184) (0.0222) (0.0775) (0.0947)
Third × Not white -0.0138 0.0305 -0.0219 -0.0151 -0.1962+ -0.1426
(0.0159) (0.0227) (0.0243) (0.0351) (0.1019) (0.1473)
Fourth × Not white -0.0189 -0.0783+ 0.0351 0.0128 0.2135 0.3231
(0.0232) (0.0475) (0.0387) (0.0615) (0.1690) (0.2471)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 5188 5188 6930 6930 6596 6596
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
186
Table C7: Birth order interacted with sex and non-cognitive skills.
SDQ Prosocial SDQ Interalising SDQ Externalising
Female 0.8267*** 0.9395*** 1.2322*** 1.4190*** -0.6518*** -1.0250***
(0.0703) (0.1179) (0.1273) (0.1991) (0.1406) (0.2257)
Second child -0.1568* -0.1168 0.1795 0.4679* 0.5950*** 0.9043***
(0.0742) (0.1291) (0.1249) (0.2156) (0.1440) (0.2558)
Third child -0.0094 -0.0112 0.0220 0.5322 0.4640* 1.0362*
(0.1131) (0.2256) (0.1781) (0.3740) (0.2180) (0.4271)
Fourth child 0.1491 -0.1514 0.1674 0.8134 0.4874 1.5841*
(0.1821) (0.3643) (0.2836) (0.6033) (0.3422) (0.6650)
Second × Female 0.0390 -0.0220 -0.3234+ -0.6800* -0.2042 -0.2957
(0.0989) (0.1559) (0.1822) (0.2749) (0.1990) (0.3129)
Third × Female -0.0300 0.0229 0.0195 -0.1690 0.2044 0.2056
(0.1367) (0.2119) (0.2401) (0.3828) (0.2728) (0.4148)
Fourth × Female 0.2314 0.3173 -0.5697 -1.1428+ -0.0128 0.1116
(0.2105) (0.3545) (0.3983) (0.6786) (0.4108) (0.6314)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 6216 6216 6209 6209 6211 6211
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
Table C8: Birth order interacted with mother’s education and non-cognitive skills.
SDQ Prosocial SDQ Interalising SDQ Externalising
Mother has a degree 0.2259** 0.0000 -0.1916 0.0000 -0.2039 0.0000
(0.0819) (.) (0.1532) (.) (0.1661) (.)
Second child -0.0797 -0.0755 0.0128 0.1600 0.4852*** 0.7502***
(0.0586) (0.1099) (0.1021) (0.1897) (0.1135) (0.2055)
Third child 0.0166 0.0924 -0.0170 0.4212 0.5835** 1.0522**
(0.0898) (0.2131) (0.1575) (0.3759) (0.1779) (0.3843)
Fourth child 0.2223 -0.0101 -0.0927 0.4600 0.5176+ 1.5976**
(0.1440) (0.3354) (0.2531) (0.5841) (0.2762) (0.5820)
Second × Mother has a degree -0.2581* -0.1821 0.0555 -0.1112 0.0327 -0.0048
(0.1106) (0.1364) (0.1945) (0.2285) (0.2154) (0.2641)
Third × Mother has a degree -0.2548 -0.3672 0.3796 0.1769 -0.0687 0.2976
(0.1635) (0.2310) (0.2983) (0.4243) (0.3366) (0.4702)
Fourth × Mother has a degree 0.2379 0.3128 0.0506 -1.2331 -0.2565 -0.1790
(0.2810) (0.3893) (0.5728) (0.8406) (0.5725) (1.0726)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 6216 6216 6209 6209 6211 6211
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C9: Birth order interacted with family income and non-cognitive skills.
SDQ Prosocial SDQ Interalising SDQ Externalising
Family income > median -0.0772 0.0000 -0.4351** 0.0000 0.0671 0.0000
(0.0762) (.) (0.1383) (.) (0.1544) (.)
Second child -0.2260** -0.2169+ -0.0463 0.0382 0.5207*** 0.7893***
(0.0738) (0.1243) (0.1292) (0.2166) (0.1404) (0.2303)
Third child -0.0692 -0.1357 -0.1111 0.3764 0.6478** 1.2637**
(0.1103) (0.2341) (0.1884) (0.4140) (0.2165) (0.4235)
Fourth child 0.1570 -0.3911 -0.2488 0.1920 0.6525* 1.6195*
(0.1738) (0.3823) (0.2958) (0.6574) (0.3273) (0.6289)
Second × Fam. inc. > med. 0.1725+ 0.1445 0.1236 0.1676 -0.0527 -0.0623
(0.0971) (0.1203) (0.1686) (0.2043) (0.1875) (0.2314)
Third × Fam. inc. > med. 0.0818 0.2143 0.3002 0.1276 -0.1613 -0.2699
(0.1352) (0.2101) (0.2393) (0.3715) (0.2684) (0.4014)
Fourth × Fam. inc. > med. 0.2038 0.7537* 0.3105 0.2138 -0.3658 0.0258
(0.2129) (0.3681) (0.3965) (0.6866) (0.4133) (0.7107)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 6216 6216 6209 6209 6211 6211
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
Table C10: Birth order interacted with ethnicity and non-cognitive skills.
SDQ Prosocial SDQ Interalising SDQ Externalising
Not white 0.1963* 0.0000 -0.5701*** 0.0000 -0.7771*** 0.0000
(0.0875) (.) (0.1443) (.) (0.1703) (.)
Second child -0.1084+ -0.0939 -0.0378 0.0650 0.5237*** 0.8102***
(0.0584) (0.1086) (0.1043) (0.1908) (0.1153) (0.2064)
Third child -0.0419 -0.0076 0.1177 0.4113 0.5029** 1.1447**
(0.0924) (0.2031) (0.1638) (0.3693) (0.1855) (0.3919)
Fourth child 0.3936** 0.0152 -0.1181 0.0895 0.4615 1.7399**
(0.1511) (0.3340) (0.2789) (0.6032) (0.3005) (0.6394)
Second × Not white -0.1221 -0.1469 0.2360 0.3007 -0.1297 -0.2497
(0.1141) (0.1430) (0.1833) (0.2290) (0.2095) (0.2594)
Third × Not white 0.0493 -0.0034 -0.2797 0.1997 0.2241 -0.1045
(0.1527) (0.2324) (0.2597) (0.4081) (0.2997) (0.4189)
Fourth × Not white -0.4322+ -0.1310 0.0531 0.7377 0.0603 -0.4431
(0.2311) (0.3990) (0.4166) (0.7227) (0.4554) (0.6592)
Female 0.8478*** 0.9476*** 1.0798*** 1.0514*** -0.7013*** -1.1153***
(0.0459) (0.0740) (0.0805) (0.1225) (0.0894) (0.1380)
Fixed effects No Yes No Yes No Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 6216 6216 6209 6209 6211 6211
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C11: Birth order and parental investments.
Breastfed Months bfed Int. school Help hmk Feels supp. Talk to par.
Panel A
Second child -0.0136 -0.3232 -0.0681** -0.0858*** -0.0392+ -0.0380
(0.0334) (0.4110) (0.0217) (0.0232) (0.0234) (0.0261)
Third child -0.0426 -0.5027 -0.1153** -0.1022* -0.0433 -0.0018
(0.0679) (0.6503) (0.0416) (0.0452) (0.0453) (0.0516)
Fourth child -0.0448 -2.7469* -0.1551* -0.1852* -0.0812 -0.0084
(0.0883) (1.1436) (0.0682) (0.0760) (0.0680) (0.0798)
Female 0.0248 0.2045 -0.0166 0.0210 -0.0471** -0.0218
(0.0253) (0.3208) (0.0152) (0.0163) (0.0163) (0.0173)
Panel B
Any older siblings -0.0057 -0.0420 -0.0467* -0.0685*** -0.0326 -0.0493*
(0.0298) (0.3834) (0.0185) (0.0197) (0.0203) (0.0219)
Female 0.0254 0.2264 -0.0157 0.0218 -0.0465** -0.0221
(0.0254) (0.3217) (0.0153) (0.0164) (0.0163) (0.0174)
Panel C
Older sib, diff sex -0.0213 -0.0758 -0.0610** -0.0636** -0.0157 -0.0278
(0.0325) (0.4069) (0.0204) (0.0215) (0.0218) (0.0231)
Older sib, same sex 0.0090 -0.0092 -0.0257 -0.0756*** -0.0572* -0.0814**
(0.0333) (0.4528) (0.0207) (0.0226) (0.0235) (0.0257)
Female 0.0253 0.2263 -0.0157 0.0221 -0.0467** -0.0224
(0.0254) (0.3218) (0.0152) (0.0164) (0.0163) (0.0173)
Fixed effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 2602 2551 6200 5191 6226 6055
Standard errors clustered at mother level in parentheses.
+ p < 0.01 * p < 0.05, ** p < 0.01, *** p < 0.001
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Table C12: Summary of related literature
Study Country Outcomes Method Findings
Argys et al. (2006) US Health behaviours OLS Negative
Bagger et al. (2018)* Denmark Education Theoretical model +
FE and IV
Negative
Barclay and Kolk (2017) Sweden Mortality Survival analysis Positive (note mortality outcome)
Barclay and
Myrskyla¨ (2014)
Sweden Physical fitness FE Negative.
Barclay et al. (2017) Sweden College major FE First-born more likely to apply to and
graduate in medicine and engineering.
Later-born more likely to study jour-
nalism, business or art. BO patterns
are stronger in high SES families.
Behrman and Taubman
(1986)
US Education, earnings Theoretical model and
OLS
Negative
Bertoni and Brunello
(2016)
Multi-
country
Earnings OLS, separately by
family size.
Negative but short-lived effect. Later
born’s wages catch up in approx 10
years. May be due to lower risk aver-
sion in later born.
Bjo¨rkegren and Svaleryd
(2017)*
Sweden Health at birth, hospi-
talizations and mental
health in adolescence
FE Positive at birth, then reverted later.
Black et al. (2005) Norway Education, earnings,
teenage pregnancy
IV and FE Negative
Black et al. (2016) Norway Health, health be-
haviours
FE Positive for biomarkers, negative for
happiness and self-assessed health
Black et al. (2018) Sweden Non-cognitive skills FE Negative, stronger for men
Bonesrønning and Massih
(2011)
Norway Education OLS Negative. BO effects are stronger for
less educated mothers.
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Study Country Outcomes Method Findings
Booth and Kee (2009) UK Education OLS with purpose-
built index
Negative
Breining et al. (2017)* Denmark
and Florida
Delinquency FE Negative, partly due to parental time
investment.
Brenøe and Molitor (2018) Denmark Health at birth and
pre-natal investments
FE Positive effect of higher birth order on
health at birth, reverted in adolescence.
Mother’s antenatal care higher for ear-
lier born.
Buckles and Kolka (2014) US Prenatal investments FE Negative
Cho (2011) Korea Education OLS No effect of BO once accounting for
mother’s age at first birth.
Conley and Glauber
(2006)
US Education IV No effect of sibhip size for first-born
boys. For second-born boys, sibhip size
negatively correlated with education.
de Haan (2010) US Education IV Negative
de Haan et al. (2014) Ecuador Education, child
labour
FE Positive, partly due to mother’s time
investment
Emerson and Souza
(2008)*
Brazil Education, child
labour
Probit models Positive.
Grinberg (2015) US Occupational choice OLS and IV First-born more likely to be in manage-
rial positions.
Hanushek (1992) US Education OLS Negative correlation explained by fam-
ily size.
Hotz and Pantano (2015) US Education, parental
disciplinary restric-
tions
FE Negative.
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(continued)
Study Country Outcomes Method Findings
Iacovou (2008) UK Education OLS (dummy var) Negative
Kumar (2016) India Education IV Positive.
Lehmann et al. (2018) US Cognitive/ non-
cognitive skills and
various
FE Negative, largely explained by parental
behaviour
Mechoulan and Wolff
(2015)
France Education, occupation
and parental transfers.
Random effects and
FE ordered models
Negative effects on education and occu-
pation. Also shown parental transfers
are higher for firstborns.
Pavan (2016) US Cognitive skills FE Negative, explained by parental
investments
Rees et al. (2008) US Sport OLS Various
Tenikue´ and Tequame
(2017)*
Nigeria Teenage pregancy OLS Women born in families with older
brothers less likely to experience a
teenage pregnancy.
* Unpublished working papers at the time of writing.
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C.2 Strengths and Difficulties Questionnaire
Table C13: 25-item Strengths and Difficulties Questionnaire
I try to be nice to other people. I care about their feelings
I am restless, I cannot stay still for long
I get a lot of headaches, stomach-aches or sickness
I usually share with others (food, games, pens etc.)
I get very angry and often lose my temper
I am usually on my own. I generally play alone or keep to myself
I usually do as I am told
I worry a lot
I am helpful if someone is hurt, upset or feeling ill
I am constantly fidgeting or squirming
I have one good friend or more
I fight a lot. I can make other people do what I want
I am often unhappy, down-hearted or tearful
Other people my age generally like me
I am easily distracted, I find it difficult to concentrate
I am nervous in new situations. I easily lose confidence
I am kind to younger children
I am often accused of lying or cheating
Other children or young people pick on me or bully me
I often volunteer to help others (parents, teachers, children)
I think before I do things
I take things that are not mine from home, school or elsewhere
I get on better with adults than with people my own age
I have many fears, I am easily scared
I finish the work I’m doing.
Source: Goodman et al. (1998).
C.3 Unbalanced panel analysis and discussion
In the context of this paper, the data is unbalanced by default, since families of
two, three and four children are included in the sample. Different family size is
not a problem for the estimates, since it is captured by the mother fixed effects.
However, the estimates might still be biased, if children from certain families are
missing from the survey not randomly, but according to certain characteristics.
Table C14 shows significant differences in baseline characteristics of households
where all children are observed in the survey (the ‘balanced’ households) versus
those where at least one child is not observed (the ‘unbalanced’ households). On
average, unbalanced households have children who were born more recently, they
are slightly larger and siblings display a shorter distance in years between them.
Their mothers are younger, both at birth and in general, although they display
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Table C14: Descriptive statistics for balanced and unbalanced households.
Balanced Unbalanced Difference p-value
Female 0.49 0.50 -0.01 0.297
Birth year 1995.99 1998.81 -2.83 0.000
Not white 0.23 0.32 -0.09 0.000
Sibship size 1.60 1.98 -0.38 0.000
Years from closest older sibling 3.97 3.33 0.64 0.000
Years from eldest sibling 5.39 4.14 1.25 0.000
Mother’s age at birth 29.51 26.21 3.30 0.000
Mother’s birth year 1966.49 1972.60 -6.11 0.000
Mother’s highest qualification 3.82 3.84 -0.01 0.704
Gross household monthly income 3967.48 3382.42 585.06 0.000
Lone parent household 0.19 0.22 -0.03 0.001
Observations 7265 2883
Region and ethnic group not included.
similar education levels to balanced households. They also have lower monthly
income and they are slightly more likely to be lone parent families.
I first conduct a test following Verbeek and Nijman (1992), adding as a regres-
sor to the main equation a binary indicator for whether any child from a family
is missing in the survey. The rationale for the test is that if children are missing
at random, then the indicator should not be correlated with the outcomes, once
other covariates are controlled for. Since the indicator is constant between sib-
lings, the fixed-effect specification cannot be implemented. Moreover, given the
differences observed in mean characteristics, it is not surprising that some of the
indicators in Table C15, showing results of the test, are significant. The indicator
for children missing is associated with a decrease in the age of first drink, and
increases in the probability of trying drugs and playing truant. However, two
observations are in order. First, children from unbalanced households are overall
more likely to engage in risky behaviours. Second, even without observing some
children from these households, I find a significant effect of birth order. There-
fore, the estimates presented in the paper may actually underestimate the true
birth–order effect. I thus conduct the main regressions again, but separately for
balanced and unbalanced households. As shown in Table C16, fixed-effect esti-
mates for the balanced families confirm the birth order effects found in the main
specification, showing even larger associations. Conversely, for the unbalanced
families, coefficients are largely insignificant. This may be due to the missing
observations making it harder in practice to observe birth order effects, or to
birth order effects not being as strong in families where children are already more
likely to engage in risky behaviours due to other characteristics. Overall then,
the unbalanced character of the panel does not invalidate the main results.
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Table C15: Verbeek and Nijman (1992) style test
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Smokes Age first drink Junk food Tried drugs Truant Sedentary behaviour Prosocial Interalising Externalising
Second child 0.0224* -0.2136*** 0.0621*** 0.0235*** 0.0325*** -0.0139 -0.1382* 0.0098 0.5138***
(0.0088) (0.0439) (0.0145) (0.0067) (0.0090) (0.0368) (0.0540) (0.0929) (0.1041)
Third child 0.0382* -0.4062*** 0.1018*** 0.0332** 0.0437** 0.0780 -0.0264 0.0179 0.6100***
(0.0150) (0.0735) (0.0238) (0.0105) (0.0154) (0.0616) (0.0895) (0.1552) (0.1739)
Fourth child 0.0429 -0.6401*** 0.1136** 0.0334 0.0258 -0.0430 0.2556 -0.1259 0.5375*
(0.0246) (0.1136) (0.0398) (0.0186) (0.0226) (0.0972) (0.1411) (0.2546) (0.2715)
Not all children observed 0.0094 -0.3727*** 0.0059 0.0198* 0.0373*** 0.0216 -0.0025 -0.0334 0.0791
(0.0106) (0.0516) (0.0185) (0.0080) (0.0110) (0.0449) (0.0668) (0.1220) (0.1325)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Observations 4076 6120 6201 5185 6927 6593 6216 6209 6211
Standard errors clustered at mother level in parentheses.
* p < 0.05, ** p < 0.01, *** p < 0.001
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Table C16: Birth order and risky behaviours, distinguishing between balanced and unbalanced
panel.
Smokes Age started drinking Junk food
Balanced Unbalanced Balanced Unbalanced Balanced Unbalanced
Second child -0.0004 0.0405 -0.2841** -0.1975 0.0160 0.0289
(0.0230) (0.0306) (0.0872) (0.1346) (0.0303) (0.0590)
Third child -0.0210 0.0713 -0.4647** -0.7516* 0.0182 0.0399
(0.0392) (0.0639) (0.1615) (0.3063) (0.0561) (0.1209)
Fourth child -0.0379 -0.4010 -0.8894*** 0.1929 -0.0009 0.0831
(0.0670) (0.3455) (0.2459) (0.6058) (0.0845) (0.2272)
Fixed-effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 2375 1701 4210 1910 4235 1966
Tried drugs Play truant Sedentary behaviour
Balanced Unbalanced Balanced Unbalanced Balanced Unbalanced
Second child 0.0348* 0.0263 0.0484* 0.0373 -0.1873* -0.0714
(0.0146) (0.0242) (0.0188) (0.0348) (0.0760) (0.1451)
Third child 0.0594* 0.0383 0.0644 0.0735 -0.2843 0.1352
(0.0251) (0.0375) (0.0336) (0.0660) (0.1508) (0.3033)
Fourth child 0.0777 0.0640 0.0881 -0.0219 -0.3626 0.6551
(0.0435) (0.0707) (0.0506) (0.1475) (0.2264) (0.6404)
Fixed-effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 3496 1689 4597 2330 4451 2142
SDQ Prosocial SDQ Interalising SDQ Externalising
Balanced Unbalanced Balanced Unbalanced Balanced Unbalanced
Second child -0.2254* 0.2419 0.1381 0.2132 0.8275*** 0.8970
(0.1111) (0.2504) (0.2004) (0.3969) (0.2127) (0.4673)
Third child -0.1393 0.5187 0.4447 0.8850 1.1301** 1.6898
(0.2109) (0.5359) (0.3846) (0.8779) (0.3980) (0.9388)
Fourth child -0.2753 1.3466 0.3061 0.1928 1.5085* 2.7113
(0.3300) (1.1788) (0.6016) (1.6158) (0.6096) (2.4590)
Fixed effects Yes Yes Yes Yes Yes Yes
Controls Yes Yes Yes Yes Yes Yes
Observations 4245 1971 4241 1968 4241 1970
Standard errors clustered at mother level in parentheses.
* p < 0.05, ** p < 0.01, *** p < 0.001
C.4 Alternative definitions of birth order
Based on Equations (4.1) and (4.2), I run similar models with alternative treat-
ments. These alternative specifications define treatment as being a middle child
compared to everything else; being the youngest child compared to everything
else; and being a second and middle child, second and last or anything else. All
models confirm the main results, that is, younger children tend to engage more in
riskier behaviours and have lower non-cognitive skills, as measured by the SDQ
scores. For most outcomes, not being the first child appears to drive the ob-
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served effect of birth order, and the magnitude of the effect is usually larger for
the youngest child. Only for prosocial score, being a middle child (i.e. having at
least one sibling before and one after) plays a significant and negative role.
C.5 Parental investment index
I construct the index Pi by principal component analysis on four binary indicators
of parental investments that are highly correlated and that differ significantly by
birth order: whether parents are interested in child’s school, whether parents
help with homework, whether the child always feels supported by the family and
whether they talk to parents when upset.
C.6 Beliefs about risky behaviours
Children were asked to answer the following: How much do you think PEOPLE
RISK harming themselves, physically and in other ways, if they...
1 Smoke one or more packs of cigarettes per day
2 Have five or more alcoholic drinks each weekend
3 Smoke cannabis (marijuana or hash) regularly
Possible answers were No risk, Slight risk, Moderate risk, Great risk, Don’t know.
I exclude children who select the latter option, and therefore final score was 0 to
4 for each dimension, where 0 denoted lowest risk aversion, and 4 highest.
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Abbreviations
2SLS Two-stage least squares
BMI Body mass index
BSAG Bristol Social Adjustment Guide
CIA Conditional independence assumption
CRP C-Reactive Protein
CSE Certificate of Secondary Education
CCT Calonico, Cattaneo and Titiunik (2014)
GCE General Certificate of Education
GC Grammar and comprehensive
IV Instrumental variable
LATE Local average treatment effect
LEA Local Education Authority
MSE Mean squared error
NCDS National Child Development Study
OLS Ordinary least squares
PCA Principal component analysis
pp Percentage points
RCT Randomised controlled trial
RDD Regression discontinuity design
SDQ Strengths and difficulties questionnaire
SES Socio-economic status
SMC Secondary modern and comprehensive
SD Standard deviation(s)
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